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Tool use is one of the most remarkable skills of the human species, enabling complex interactions with the
environment. To establish such interactions, we predict the sensory consequences of our actions based on a copy
of the motor command (efference copy), leading to an attenuated perception and neural suppression of the
sensory input. Here, we investigated whether and how tools can be incorporated into these predictions. We
hypothesized that similar predictive mechanisms are used for both hand and tool use actions, but that additional
resources are needed to integrate the tool.
During fMRI data acquisition, 19 healthy participants used either their right hand or a tool to hold the handle of
a movement device. To manipulate the effect of the efference copy, the handle was moved either actively by
participants or passively by the movement device. The sensory outcome, consisting of a real-time video of the
hand or tool movement shown on a screen, was presented with varying delays (0–417 ms). Participants reported
their perception of such delays.
The processing of hand and tool movements yielded largely similar results when comparing active against
passive conditions: Active movements were in both cases associated with worse delay detection performances.
Moreover, during both hand and tool use actions, active movements led to a downregulation of sensory (somatosensory, visual) areas as well as the right cerebellum and right posterior parietal cortex, as assessed by a
conjunction analysis. By contrast, an interaction analysis indicated differential processing of active vs. passive
movements in hand vs. tool conditions in the left postcentral gyrus, right middle temporal gyrus (MTG), and
bilateral caudate nuclei.
Our ﬁndings provide behavioral and neural support that hand and tool actions share similar mechanisms for
sensory predictions. We propose that the MTG and (sensori)motor areas (postcentral gyrus, caudate nuclei)
contribute to these predictions by optimizing them to the physics of the end effector (hand or tool). Collectively,
these results suggest that the brain dynamically adjusts sensorimotor predictive models to anticipate the dynamics
of the end effector, be it a hand or a tool.

1. Introduction
The ability to use tools is one of the hallmarks of motor dexterity in
humans. The evolution of human tool use has been crucially driven by
our understanding of cause-effect relationships (Johnson-Frey, 2003;
Wolpert, 2009), which we infer from observation and then use to our
advantage (Taylor et al., 2014). To perceive ourselves as the agent of
desired changes in the environment (i.e., to experience a sense of

agency), we need to identify sensory events as effects of our own actions
rather than as external happenings (Haggard, 2017). Since tools, i.e., any
handheld objects that are used to manipulate other objects in the environment (Shumaker et al., 2011), do not belong to the body, the question
arises how sensory consequences of tool movements are processed to be
recognized as self-produced.
According to forward model accounts, one deﬁning feature of one’s
own movements (referred to as active movements hereafter) is that a
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(Gallivan et al., 2013). Thus, it could be assumed that fronto-parietal
regions are recruited during tool use actions to achieve accurate predictions for the sensory consequences, reﬂecting the process of integrating speciﬁc features of the tool into the internal prediction model.
However, empirical evidence for this claim is still missing, as the effect of
the efference copy during tool use actions has not been manipulated yet.
The rationale of this study thus was to further investigate the neural
correlates of efference copy mechanisms during both hand and tool actions. To this end, it is crucial to compare active to passive movements,
which to our knowledge has not yet been done for tool use actions. The
resulting knowledge could ultimately be applied to optimize prostheses
use and design as well as in the therapy of clinical conditions that have
been associated with dysfunctional efference copy mechanisms, such as
schizophrenia (Pynn and DeSouza, 2013). Speciﬁcally, we investigated
whether the efference-copy-based predictive framework can be transferred to tool use actions and related sensory consequences, with special
emphasis on the underlying neural correlates. During fMRI data acquisition, participants performed wrist movements executed with and
without a tool. Movements were either actively generated by participants
or passively by a movement device. We provided visual feedback displaying the movement, either in real-time or delayed. Since real life actions involving tools usually provoke multisensory consequences, we
additionally explored the effect of a second modality (i.e., the visual
feedback was sometimes coupled with a sound). Participants reported
whether the sensory feedback was delayed or not. We expected similar
efference-copy-based effects for the processing of hand and tool generated input, as indicated by worse behavioral delay detection performances (sensory attenuation) and BOLD suppression in sensory areas for
active compared to passive conditions. Further, we expected differences
between hand and tool conditions, with increased fronto-parietal activity
(e.g., IPL, premotor cortex) for the processing of tool compared to hand
movements during active compared to passive conditions, reﬂecting the
effort of incorporating the tool properties into the sensorimotor
prediction.

copy of the motor command (‘efference copy’) can be used to generate
predictions about the imminent sensory input (Wolpert et al., 1995). If
the prediction matches the actual sensory input (‘reafference’; Sperry,
1950; von Holst and Mittelstaedt, 1950) in form and time of occurrence,
the sensory system is informed that no further processing is required,
thus ultimately contributing to the distinction between self and other
(Wolpert and Flanagan, 2001). Behaviorally, active movements result in
an attenuated perception of both the intensity (e.g., Cardoso-Leite et al.,
2010; Juravle et al., 2017; Weiss et al., 2011) and temporal aspects of
sensory inputs (van Kemenade et al., 2019; Arikan et al., 2019). On a
neural level, this is associated with a reduced blood oxygen level
dependent response (BOLD suppression) in sensory processing areas
(Blakemore et al., 1998; Leube et al., 2003; Shergill et al., 2013; Straube
et al., 2017; Arikan et al., 2019). Sensory attenuation and BOLD suppression effects consequently allow to infer underlying efference copy
mechanisms. To this end, it is crucial to compare active to passive
movements with identical sensory input. While BOLD suppression has
been repeatedly shown for active against passive hand actions, the neural
processing of the sensory consequences of active and passive tool use
actions remains unknown.
A recent study suggests that similar predictive mechanisms may underlie tool use actions, as the perceived intensity of touching one’s own
body was shown to be attenuated both when using one’s ﬁnger and when
using a tool (Kilteni and Ehrsson, 2017). However, it remains unknown
whether sensory attenuation goes along with BOLD suppression in tool
use contexts. Moreover, sensory predictions do not only contain information on which input to expect, but also information about when this
input will occur (e.g., Elijah et al., 2016). Consequently, the effects of the
efference copy do not only become evident in the intensity domain but
also in tasks probing temporal aspects of the reafferent input, such as the
detection of delays between participant’s actions and the resulting sensory consequence (Leube et al., 2003; Leube et al., 2010; Schmalenbach
et al., 2017; Straube et al., 2017; van Kemenade et al., 2017, 2016;
Arikan et al., 2019). Investigating such temporal aspects is of special
interest in tool use contexts as the coupling between action and consequence might be loosened. Lastly, in everyday life, tool use actions do not
only produce somatosensory input but also visual and auditory sensory
consequences (e.g., when simultaneously feeling, seeing and hearing a
hammer hit a nail). It has been demonstrated that tools become incorporated into the body schema as a consequence of integrating sensory
input from multiple domains (Canzoneri et al., 2013; Cardinali et al.,
2012, 2009; Martel et al., 2019; Miller et al., 2017, 2014). Previous work
from our group has emphasized that predictions can be generated for
multiple modalities (Schmalenbach et al., 2017; Straube et al., 2017; van
Kemenade et al., 2017, 2016). However, it is unclear whether the processing of visual consequences of tool use actions is inﬂuenced by an
additional auditory modality. Taken together, the neural processing
related to temporal aspects of self-produced sensory action consequences
in tool use contexts remain largely unclear.
Previous fMRI studies suggest that the prediction of sensory consequences is supported by several brain regions, including the supplementary motor area (SMA; Haggard and Whitford, 2004), the cerebellum
(Baumann et al., 2015; Blakemore et al., 2001; Leube et al., 2003; Roth
et al., 2013; Synofzik et al., 2008; van Kemenade et al., 2019), the posterior parietal cortex (PPC) such as the angular gyrus (David et al., 2007;
Farrer et al., 2008; van Kemenade et al., 2017), and the middle temporal
gyrus (MTG; Leube et al., 2003). In line with this, the cerebellum has
been discussed as a site that contributes to internal predictions incorporating tools (Imamizu, 2011; Imamizu et al., 2000; Imamizu and
Kawato, 2012). However, tool-related skills are commonly associated to
mostly left-hemispheric fronto-parietal regions, such as inferior parietal
lobe (IPL) and premotor cortex (Brandi et al., 2014; Johnson-Frey, 2004;
Lewis, 2006; Orban and Caruana, 2014; Peeters et al., 2009; Reynaud
et al., 2016; Valyear et al., 2012). It has been suggested that hand- and
tool-related actions are represented separately at earlier levels of sensorimotor processing before becoming integrated in fronto-parietal areas

2. Materials and methods
2.1. Participants
Data from twenty-four participants (recruited via mailing lists at the
Philipps-University Marburg) were acquired. Data from ﬁve participants
were excluded due to excessive head motion (n ¼ 1; cut-off 3 mm and 3

deg of motion relative to the previous scan) or equipment-related issues
(n ¼ 4, see 2.5 Data Analysis). The ﬁnal sample consisted of 19 righthanded healthy students (10 males, mean age: 27.05 years, SD ¼ 4.31,
age range: 20–35) with (corrected-to-) normal vision and hearing. They
reported no history of past or current psychiatric or neurological disorders and no use of psychoactive medication. Right-handedness (mean
lateralization quotient ¼ 92.1%, minimum 50%) was conﬁrmed using
the Edinburgh Handedness Inventory (Oldﬁeld, 1971). Ethics approval
was granted from the local ethics committee of the medical faculty of the
Philipps-University Marburg, Germany, in accordance with the Declaration of Helsinki. Informed written consent was obtained prior to testing
and participation was remunerated.
2.2. Experimental paradigm and equipment
During fMRI data acquisition, participants lay on their back. They put
their right arm next to their body with the elbow extended and the palm
oriented towards their right outer thigh. This way, they could comfortably reach the handle of the custom-made MR-compatible device. The
device’s handle (similar to a short upright pen) had to be moved from the
left (starting position) to the right (turning point) and back, following a
range of ~5 cm along a circular arc with a central angle of ~27 (see
Fig. 1 and van Kemenade et al., 2019; Arikan et al., 2019). To this end,
participants had to perform a wrist extension with a subsequent return to
2
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simply elongate the handle, the tool could pivot around the handle (see
Supplementary Fig. 1). The tool was designed such that participants had
to hold it with a whole hand grip. The grip differed slightly between the
tool and the hand conditions to reﬂect real life situations (just as when
using our ﬁngers vs. a stick), but the required movement (wrist extension) was identical (see Fig. 1).
Meanwhile, the movement was prompted by either the participant
(active condition) or by the movement device (passive condition; motion

a neutral wrist position. To prevent any physically uncomfortable wrist
positions throughout the experiment, it was not possible to move the
handle beyond the described range.
2 x 2 variations of the described movement were implemented. In half
of the experiment, participants used the distal phalanges of their ﬁngers
to grab the device’s handle (hand condition, see Fig. 1A). In the other
half, a custom-made tool was mounted onto the device’s handle (tool
condition, see Fig. 1B). Importantly, to prevent that the tool would

Fig. 1. Experimental paradigm. A. Hand condition. Movement: Demonstration of the movement device in the hand condition. The investigated movement consisted of
a wrist extension (starting position to turning point) with a subsequent return to a neutral wrist position (turning point to starting position). Visual input: Example of a
trial, showing the visual input as it was presented on the screen. After the presentation of a preparatory text cue (‘Ready.‘), the camera image of the participant’s hand
became visible. The onset of the camera image served as a cue that the movement was to be executed by the participant (in active trials) or by a pneumatically
operated device (in passive trials). In half of the trials, participants saw their moving hand as visual feedback on a screen (unimodal condition); in half of the trials this
was additionally accompanied by a sound (bimodal condition). The sensory feedback was either presented in real time or with a temporal delay (max. 417 ms þ
average internal setup delay of 43 ms). After the offset of the camera image, participants reported via button press (left hand) whether they perceived a delay between
the movement onset and the presented sensory feedback. Trials ended with a black screen (intertrial interval). B. Tool condition. Movement: Demonstration of the
movement device in the tool condition. The investigated movement consisted of a wrist extension (starting position to turning point) with a subsequent return to a
neutral wrist position (turning point to starting position). Visual Input: Example of a trial, showing the visual input as it was presented on the participant’s screen
(identical to the visual input in part A of this Figure, except that participants saw the moving tool as visual feedback instead of their moving hand. Note that the
participant’s hand was covered during the tool condition, to ensure that only the tool would be visible on the screen.).
Fig. 2. Behavioral results. A. Mean psychometric
functions showing delay detection performance as a
function of the length of the delay to illustrate the
main effect of action execution (active vs. passive),
presented separately for the hand (left part) and tool
(right part) condition. Note that - for illustration purposes only - the psychometric functions were ﬁtted
over data averaged across all participants, collapsed
over unimodal and bimodal trials. Curves show ﬁtted
psychometric functions, data points show group
averaged data. B. For each condition separately, delay
detection thresholds (delay at which 50% of trials
were reported as delayed according to the psychometric function) were extracted from mean psychometric functions, averaged across all participants.
Lower thresholds indicate that smaller delays were
detected. Error bars show standard error of the mean
(SEM). ***p < .001.
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the delay detection task, which initially provided on-screen information
about whether a delay had been present (yes or no) at the end of each
trial. Lastly, they completed one run in which the trial sequence was
equal to the main experimental runs (second appointment, described
hereafter). Instructions were identical for the hand and the tool condition, allowing both conditions to be rehearsed to an equal extent.
In the main experiment, participants lay down in the MRI scanner
(supine position). To comfortably reach the handle of the custom-made
device, they put their right arm next to their body with the elbow
extended and the palm facing the outer thigh (forearm in half pronation/
supination position). Participants’ heads were stabilized using foam pads
to minimize head motion artifacts. The experiment consisted of four runs
with 48 trials each, resulting in a total of 192 trials. Prior to each run, the
condition (hand or tool) was announced verbally to the participant and
the experimenter adjusted the setup accordingly (i.e., the tool was added
or removed, if necessary). Participants used either their hand or a
custom-made tool to move the device’s handle (two consecutive runs for
each, order of conditions counterbalanced across participants). Within
each run, there were two blocks (1 active, 1 passive; order randomized),
which were announced by text on the screen at the beginning of each
block. In each block, an equal number of unimodal and bimodal trials was
coupled with each level of delay (programmed to 0, 83, 167, 250, 333, or
417 ms relative to the movement onset, respectively) and randomly
presented on an event-related basis. The delays corresponded to 0, 5, 10,
15, 20, or 25 screen frames (at 60 Hz), respectively. Using a photodiode,
we assessed when the signal of a light emitting diode (LED) would be
displayed on the screen (i.e., time from LED to camera to computer to
screen). A mean delay of 43 ms was inherent to our setup and thus added
to each programmed delay.
All trials started with a preparatory text cue (‘Ready.‘) displayed for
1500 ms, so that participants knew about the imminent movement. In
active conditions, the onset of the camera image signaled the start of a
4000 ms time window during which the movement should be executed
whenever the participant felt ready. To establish comparability between
active and passive conditions, the movement onset in passive conditions
was programmed to always occur 500 ms after camera image onset. The
camera image was visible during this whole period of 4000 ms. After
camera offset, participants were asked to provide their response via
button press after each trial. Each trial ended with a black screen
(intertrial interval; 2000–5000 ms). The total duration of a trial varied
between 9500 and 12500 ms (see Fig. 1 for illustration).

to the device’s handle was induced with compressed air; Güde
compressor, Wolpertshausen, Germany). Passive movements were
intended to remove motor-related prediction signals while preserving
sensory signals comparable to those in active movements. Thereby, we
were able to contrast natural limb against tool use actions (referred to as
hand and tool condition, respectively) under high and low predictability
conditions (referred to as active and passive conditions, respectively; see
Fig. 2).
Irrespective of the type of movement, participants were provided with
re-afferent sensory feedback in each trial. To this end, the movement was
recorded in real-time with a high-speed camera (~4 ms refresh rate, MRC
High Speed, MRC Systems GmbH, Heidelberg, Germany) in each trial.
The video was fed back to a screen (refresh rate 60 Hz) which participants viewed via an angled mirror. Participants thus saw either their
moving hand or the moving tool as visual feedback (see Fig. 1). In the tool
condition, participants’ hands were covered and were thus not visible on
the screen. This manipulation allowed us to compare the processing of
sensory feedback in the hand vs. the tool condition. To further increase
the experiment’s ecological validity, we additionally explored the effect
of multisensory feedback by coupling the visual feedback with an auditory feedback in half of the trials (unimodal and bimodal condition,
respectively). The auditory feedback consisted of the natural sound that
the custom-made device produced upon movement (i.e., when hitting the
turning point and the starting position). The original sound was not
audible due to scanner noise. Therefore, the pre-recorded sound was
delivered through headphones (MR-Confon Optimel, Magdeburg, Germany), which also allowed for manipulation of sound onset (see next
paragraph). A custom-written software using information from light ﬁber
cables attached to the custom-made device was used to detect motion of
the device’s handle (onset, offset, and duration of motion as well as position of handle). Position parameters at the turning point and the
starting position were used to determine when to present the auditory
feedback.
We systematically introduced delays to the sensory feedback: In
unimodal conditions, the visual feedback was presented either simultaneously with the movement or temporally offset (for details, see 2.3
Procedure and Stimulus Material). In bimodal conditions, the delay for
visual and auditory feedback was always congruent, i.e., the sound had
the same delay as the visual feedback. Participants had to report whether
they perceived delays between the movement and the visual feedback
(yes or no); thus, the auditory feedback in the bimodal condition was not
explicitly relevant for the task. Participants responded via key press on
MR-compatible button pads for the left hand (Cedrus, Lumina, San Pedro,
USA) using their middle or index ﬁnger (button assignment counterbalanced across participants). They were instructed to respond as accurate as possible, but not as fast as possible. We thus implemented a 2 x 2 x
2 within-subjects design with the factors (1) instrumentality (hand vs.
tool), (2) action execution (active vs. passive), and (3) feedback modality
(unimodal vs. bimodal) while having participants perform a delay
detection task.

2.4. fMRI data acquisition
MRI data were collected using a 3 T MR Magnetom Trio Tim scanner
(Siemens, Erlangen, Germany) at the Department of Psychiatry and
Psychotherapy, Marburg, Germany, using a 12-channel head coil. Functional data were acquired using a T2*-weighted gradient echo echoplanar imaging sequence (repetition time [TR]: 1650 ms; echo time [TE]: 25
ms; ﬂip angle: 70 ). For each experimental run, 330 volumes were obtained, each containing 34 transversal slices acquired parallel to the
intercommissural line (a plane through the anterior and posterior
commissure) in descending order (64 x 64 matrix, ﬁeld of view [FoV]:
192 mm  192 mm, slice thickness: 4 mm, voxel size: 3 mm  3 mm x
4.6 mm [including 15% gap]), allowing each volume to cover the whole
brain (incl. cerebellum). Anatomical images were obtained using a T1
weighed magnetization prepared rapid gradient echo (MPRAGE)
sequence (176 slices ascending, TR: 1900 ms, TE: 2.26 ms, ﬂip angle: 9 ,
256 x 256 matrix, FoV: 256 mm  256 mm, slice thickness: 1 mm, voxel
size: 1 mm  1 mm x 1.5 mm [including 50% gap]).

2.3. Procedure and stimulus material
Participants were familiarized with the experimental task, setup, and
conditions in a preparatory session outside the MRI scanner. The main
experiment (during which all reported data were collected) was conducted during a second appointment on a different day.
In the preparatory session, participants were seated in front of a
monitor and put their right forearm onto a table to operate the movement
device. A curtain obscured the view of the forearm and hand. The experimenter’s verbal instructions focused on the correct execution of the
active movement until participants used the correct grip on the device’s
handle and moved it entirely to the turning point and back at a predeﬁned speed (total duration of ~1.5 s per movement). For passive
movements, participants were told to relax their wrist while holding on
to the handle. They were then familiarized with the trial sequence during

2.5. Data analysis
Due to occasional issues with the position detection algorithm of the
movement device, or because participants didn’t move the device’s
handle entirely to the turning point and/or back to the starting position,
4
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it was possible that no sound was played in individual bimodal trials. Any
such trial was excluded from the analyses. For some runs, this meant all
trials of a given condition were missing, so that the whole run had to be
excluded. Consequently, four participants from the initial sample, three
individual runs, and 4.37% of the remaining trials were not included in
the following data analyses.

Table 1
Anatomical locations (peak voxels) obtained from a conjunction analysis
showing signiﬁcantly reduced BOLD signal in the active compared to the passive
condition common to the hand and the tool condition, irrespective of feedback
modality [(HandPasUni þ HandPasBi) - (HandActUni þ HandActBi)] \ [(ToolPasUni þ ToolPasBi) - (ToolActUni þ ToolActBi)]. See also Fig. 3.

2.5.1. Behavioral data
The proportion of reported delays was determined for each condition
and psychometric curves were ﬁtted with a cumulative Gaussian function
for each participant individually using Psigniﬁt 4 (Schütt et al., 2016) in
MATLAB 2012b (MathWorks, Sherborn, Massachusetts). Thresholds
(delay at which 50% of trials were reported as delayed as computed by
the psychometric function) and slopes (of the psychometric function at
the 50% threshold) were extracted and subjected to repeated-measures
ANOVAs implemented in SPSS24 (IBM SPSS Statistics, Chicago, IL, USA).
2.5.2. fMRI data
MRI data were analyzed using standard routines of Statistical Parametric Mapping (SPM12; www.ﬁl.ion.ucl.ac.uk) implemented in MATLAB 2009b (Mathworks, Sherborn, Massachusetts). For data
preprocessing, standard realignment, coregistration between structural
and functional scans, segmentation, normalization (Montreal Neurological Institute [MNI] template, resampled to 2 mm  2 mm x 2 mm voxels), and smoothing (8 mm full-width at half maximum Gaussian kernel)
functions of SPM12 were applied.
The preprocessed data were analyzed using a General Linear Model
(GLM). Regressors modelling the hemodynamic response triggered by
each condition, time-locked to the on- and offset of the camera image,
were included in the GLM. Realignment parameters were included as
regressors of no interest to account for possible movement artifacts.
Preparation and response periods (i.e., screen showing ‘Ready.’ or
‘Delay?‘, respectively) were deﬁned as regressors of no interest as well.
All regressors were convolved with the canonical hemodynamic response
function. Low frequencies were removed using a high-pass ﬁlter with a
cut-off period of 128 s. Individual parameter estimates (betas) and tstatistic images were calculated for each condition contrasted against an
implicit baseline, resulting in 2 x 2 x 2 contrasts of interest: hand active
unimodal (HandActUni), hand active bimodal (HandActBi), hand passive
unimodal (HandPasUni), hand passive bimodal (HandPasBi), tool active
unimodal (ToolActUni), tool active bimodal (ToolActBi), tool passive
unimodal (ToolPasUni), tool passive bimodal (ToolPasBi).
Contrast estimates of these eight contrasts were then entered into a
ﬂexible factorial group analysis. Automated Anatomical Labelling (AAL,
Tzourio-Mazoyer et al., 2002) was used to label signiﬁcant activations
based on peak activation voxels. The statistical threshold for whole-brain
analyses was determined by Monte Carlo simulations with 10,000 iterations (https://www2.bc.edu/sd-slotnick/scripts.htm; Slotnick, 2017)
using the estimated smoothness of our data (13.3 mm). Simulations
suggested that a minimum of 83 continuous voxels activated at p < .001
uncorrected is sufﬁcient to correct for multiple comparisons at cluster
level (p < .05). We only report clusters activated at the mentioned
threshold.
We used t-contrasts and conjunction analyses to examine our hypotheses. To investigate BOLD suppression common to the hand and the
tool condition, we searched for BOLD signal that was weaker in active
than in passive conditions across both hand and tool conditions using
conjunction analyses (minimum t-statistics, Nichols et al., 2005),
[(HandPasUni þ HandPasBi) - (HandActUni þ HandActBi)] \ [(ToolPasUni þ ToolPasBi) - (ToolActUni þ ToolActBi)]. The inverse
conjunction was explored for completeness as well.
To identify regions that would be more involved during the processing of tool compared to hand movements in active compared to
passive conditions, we used interaction analyses between instrumentality
and action execution, [(HandPasUni þ HandPasBi) - (HandActUni þ
HandActBi)] - [(ToolPasUni þ ToolPasBi) - (ToolActUni þ ToolActBi)].

Anatomical Locations
(Local Maxima)

Hemisphere

x

y

z

T

No.
Voxels

Precuneus
Fusiform gyrus
Postcentral gyrus
Cerebellum lobule VIII
Superior frontal gyrus
Supplementary motor
area
Superior frontal gyrus
Cerebellum lobule VI
Cerebellum crus II
Cerebellum crus I
Lingual (middle
occipitotemporal)
gyrus
Lingual (middle
occipitotemporal)
gyrus
Calcarine ﬁssure and
surrounding cortex
Superior frontal gyrus
Superior frontal gyrus
Superior frontal gyrus
Lenticular nucleus,
Putamen
Lenticular nucleus,
Putamen

R
R
R
R
L
L

20
34
20
24
12
10

50
70
40
64
30
16

42
8
66
52
48
58

5.74
5.73
5.48
4.95
4.58
4.14

6232

L
R
R
R
L

18
14
12
22
18

38
74
82
76
70

44
24
36
30
4

4.07
4.55
4.33
4.10
4.25

L

20

78

6

4.06

L

22

62

10

3.83

R
R
R
R

24
18
24
28

30
32
40
20

44
50
38
2

4.08
3.94
3.84
3.87

R

28

10

2

3.26

214
773

291

196

231

89

Note. Whole brain results on group level (n ¼ 19). Coordinates are listed in MNI
space. Signiﬁcance threshold: p < .001 (unc.) with a cluster extent threshold of
83 voxels (p < .05 Monte Carlo cluster level corrected; Slotnick, 2017). Source of
anatomical labels: Automated Anatomical Labelling toolbox 2 for SPM12 (AAL2;
Rolls et al., 2015). R ¼ right, L ¼ left.

For completeness, we also explored the inverse contrast.
Finally, we explored main effects (Supplementary Fig. 2 and Supplementary Table 1) and the inﬂuence of the second modality (audition;
Supplementary Fig. 3), including the three-way interaction between all
factors (Supplementary Fig. 4 and Supplementary Table 2).
3. Results
3.1. Behavioral performance
A 2 x 2 x 2 repeated measures ANOVA was conducted to compare the
effect of instrumentality (hand vs. tool), action execution (active vs.
passive), and feedback modality (unimodal vs. bimodal) on the thresholds of delay detection performance. There was a signiﬁcant main effect
of action execution, F(1, 18) ¼ 33.76, p < .001, ω2p ¼ 0.65; indicating that
delay detection thresholds were higher in active (M ¼ 223.28,
SE ¼ 19.22) than in passive (M ¼ 182.70, SE ¼ 19.01) trials (see Fig. 2).
No further signiﬁcant effects were found for delay detection thresholds,
all F(1, 18) < 2.00, p > .17, ω2p < 0.10.
A second 2 x 2 x 2 repeated measures ANOVA was conducted to
compare the effect of instrumentality (hand vs. tool), action execution
(active vs. passive), and feedback modality (unimodal vs. bimodal) on
the slopes of delay detection performance. No signiﬁcant effects were
found, all F(1, 18) < 0.78, p > .39, ω2p < 0.04.
3.2. fMRI
Following our hypotheses, our contrasts of interest were focused on
(1) commonalities and (2) differences between the hand and tool condition regarding efference-copy-based predictive mechanisms.
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4.1. Commonalities for hand and tool actions: sensory attenuation and
BOLD suppression

Table 2
Anatomical locations (peak voxels) for the interaction effect of instrumentality
(hand vs. tool) and action execution (active vs. passive), with signiﬁcantly
reduced BOLD signal for active compared to passive conditions for hand but not
tool actions, [(HandPasUni þ HandPasBi) - (HandActUni þ HandActBi)] [(ToolPasUni þ ToolPasBi) - (ToolActUni þ ToolActBi)]. See also Fig. 4.
Anatomical Locations
(Local Maxima)

Hemisphere

x

y

z

T

No.
Voxels

Middle temporal gyrus
Postcentral gyrus
Precentral gyrus
Precentral gyrus
Caudate nucleus
Caudate nucleus
Caudate nucleus

R
L
L
L
R
R
L

54
40
36
42
20
20
14

20
26
24
14
24
20
18

16
54
62
62
2
10
8

4.58
4.45
4.24
3.98
3.98
3.83
3.97

166
526

Participants were worse at detecting delays for actively than for
passively generated sensory information, both when using their hand and
when using a tool. This replicates previous reports showing sensory
attenuation effects for hand movements without tools (Bays et al., 2006;
Juravle et al., 2017; van Kemenade et al., 2019; Arikan et al., 2019).
More importantly, however, we demonstrate that the perceived timing of
reafferent sensory information during tool use is subject to sensory
attenuation as well. This is consistent with a previous study showing
sensory suppression for perceived intensities of tool-related sensory information (Kilteni and Ehrsson, 2017). Our data thus suggest that internal prediction models can be ﬂexibly adapted to tool use contexts to
generate predictions on the timing of action outcomes.
As expected, sensory attenuation was associated with a reduced BOLD
response in secondary somatosensory cortices and visual processing areas
during self-produced action outcomes. Our results for somatosensory
areas are consistent with previous ﬁndings for non-tool actions (Blakemore et al., 1998; Shergill et al., 2013; Straube et al., 2017). Our ﬁndings
on the visual modality, however, differ slightly from previous work, as
BOLD suppression was more pronounced in mid-level visual processing
areas (including V4) instead of primary visual cortices (as in Straube
et al., 2017). V4 has previously been shown to encode stimulus properties
such as shape, color, motion, and disparity, thereby contributing to the
segregation of ﬁgures from a background (Roe et al., 2012). We propose
that V4 was recruited because we used naturalistic, moving visual stimuli
instead of relatively abstract dots (Straube et al., 2017). Taken together,
our ﬁndings demonstrate BOLD suppression in tool use contexts for the
ﬁrst time, indicating that tool use and natural limb movements share
comparable functional mechanisms for efference-copy-based sensory
predictions.
While bimodal contrasted against unimodal trials robustly yielded
signal in bilateral auditory cortices in both the hand and the tool condition (see Supplementary Fig. 2 and Supplementary Table 1), we did not
ﬁnd any BOLD suppression in auditory cortices in the active condition,
contrary to results from our previous study (Straube et al., 2017). This
absence might indicate that participants did not predict the timing of the
auditory action consequences, neither when using their hand nor when
using the tool (however, see Supplementary Fig. 3). Alternatively, since
we strictly excluded trials in which no sound was played when it should
have been (see 2.5 Data Analysis), it is also possible that the remaining
number of trials was not sufﬁcient to let the expected effects show up in
our analyses. Moreover, in our previous experiment, we found reduced
BOLD signal in both auditory and visual areas when using dots and beeps
that were presented as discrete action outcomes after a button press, and
which temporally coincided in terms of their onset and duration (Straube
et al., 2017). In the current experiment, the complex visual feedback was
presented continuously during action execution, whereas the auditory
feedback occurred only discretely (when hitting the turning point and the
starting position of the movement device), to best reﬂect real-life situations (similar to when using a hammer to hit a nail). Since the sound was
shorter and because participants never needed to explicitly focus on the
sound, they may not have used the auditory information to perform the
delay detection task. Our data cannot favor one explanation over
another, making further naturalistic experimental paradigms necessary
to provide conclusive experimental evidence of whether multisensory
prediction can also be found for tool use contexts.

86
94

Note. Whole brain results on group level (n ¼ 19). Coordinates are listed in MNI
space. Signiﬁcance threshold: p < .001 (unc.) with a cluster extent threshold of
83 voxels (p < .05 Monte Carlo cluster level corrected; Slotnick, 2017). Source of
anatomical labels: Automated Anatomical Labelling toolbox 2 for SPM12 (AAL2;
Rolls et al., 2015). R ¼ right, L ¼ left.

3.2.1. Commonalities
We used a conjunction analysis to identify areas common to the hand
and tool conditions that showed reduced BOLD signal in the active
compared to the passive condition, irrespective of feedback modality.
The conjunction revealed activation in sensory areas including secondary
somatosensory cortices, higher order visual processing areas (fusiform
gyri, medial occipitotemporal gyri; including V4). In addition, we found
activation in the left SMA, right cerebellum, right precuneus, bilateral
superior frontal gyri (SFG), and right putamen. For details, see Fig. 3 and
Table 1.
A conjunction of the inverse conjunction (searching for areas common to the hand and the tool condition that showed enhanced BOLD
signal in active compared to passive conditions) did not reveal any signiﬁcant clusters.
3.2.2. Differences
We found a signiﬁcant interaction effect for instrumentality (hand vs.
tool) and action execution (active vs. passive) in the left postcentral gyrus
(extending to the left precentral gyrus), right MTG, and bilateral caudate
nucleus. These areas yielded less BOLD signal in the active than in the
passive condition during hand, but not during tool movements. For details, see Fig. 4 and Table 2. The inverse interaction did not reveal any
suprathreshold activation.
4. Discussion
Using fMRI, we investigated the neural processing of sensory input
elicited by tool and hand movements, either executed actively by the
participant or passively by a custom-made movement device. Participants reported the detection of delays, which were parametrically
induced between the movement and the visual action feedback in all
conditions. Across both hand and tool use actions, actively compared to
passively generated sensory consequences were associated with worse
delay detection performances as well as a reduced BOLD signal in sensory
areas and further brain regions (including left SMA, right cerebellum, and
right PPC). We also demonstrated that active compared to passive
movements yielded reduced BOLD signal in the left postcentral gyrus,
right MTG, and bilateral caudate nucleus during hand but not during tool
actions. Thus, while hand and tool use actions share large commonalities
when predicting the sensory consequences of actions, differential processes are necessary to optimize the prediction to the physics of the end
effector (i.e., hand or tool).

4.2. Commonalities for hand and tool actions: the role of SMA, cerebellum,
and PPC
In addition to the downregulation of sensory areas (see 4.1
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which is likely to be reﬂected by activation in fronto-parietal areas in the
interaction between the factors instrumentality (hand vs. tool) and action
execution (active vs. passive). We found that these factors interacted in
the left post- and precentral gyri, i.e., prominent gyri in the lateral parietal and frontal lobes, respectively. Additional effects were observed in
the right MTG and bilateral caudate nuclei.
The contrast estimates of the cluster extending over the left pre- and
postcentral gyri (see Fig. 4) indicate a reduced processing of actively
relative to passively generated consequences of hand movements,
whereas this pattern was not present or even opposite for tool movements. Since it is well established that the precentral gyrus acts as the
primary motor cortex, whereas the postcentral gyrus is considered as the
site of the primary somatosensory cortex (e.g., Penﬁeld and Boldrey,
1937), it is possible that hand and tool actions required slightly different
motor outputs resulting in distinctive sensory feedback. However,
considering that both areas showed up in the interaction with the factor
action execution and that the feedback within hand and tool conditions
was identical for active and passive conditions, we think that our results
rather reﬂect the incorporation of tool information into the sensory
predictions. The difference between active and passive conditions during
hand actions reﬂects BOLD suppression, whereas this pattern is absent for
tool use actions. This differential effect might indicate that the processing
of tool-related sensory information requires additional processes to
achieve equally accurate predictions for tool as for hand actions and
could thus explain why we ﬁnd interactions on the neural, but not on the
behavioral level: According to our theoretical framework, the BOLD
response in the postcentral gyrus (sensory area) should be suppressed
(i.e., weaker signal for active than for passive conditions) in both hand
and tool condition. However, since we expect fronto-parietal areas (such
as the postcentral gyrus) to integrate the tool into the prediction during
active trials, the BOLD signal for the active tool condition should be
enhanced. In sum, these processes result in the interaction effect reported
in Fig. 4. In line with this interpretation, it has previously been shown
that tool use induces an update of the hand representation in the brain, as
reﬂected by changes in grip aperture after tool use (Cardinali et al.,
2016). In our case, the tool could also have induced a change of the hand
representation, thus predictions had to be adapted to an updated
morphology. Taken together, these results suggest that the end effector is
considered and incorporated into internal predictions.
A similar pattern of activation was found in the MTG. The MTG has
previously been discussed in the context of tools for its role in storing
semantic concepts and semantic knowledge about tools, although ﬁndings were mainly focused on its left posterior part (Beauchamp et al.,
2003; Chao et al., 1999; Devlin et al., 2002; Martin et al., 1996). Further,
the MTG has been suggested to be involved in distinguishing biological
motion from motion related to tools (Chao et al., 1999), while being
particularly responsive to rigid, unarticulated motion (Beauchamp and
Martin, 2007). Collectively, these ﬁndings indicate that the MTG represents stored information about motion that is associated with manmade,
manipulable objects (Chao et al., 2002). However, in our experiment, the
MTG was not only active during tool use as such, but instead differentially responsive to the combination of the factors instrumentality (hand
or tool) and action execution (active or passive), as shown by reduced
BOLD signal in active relative to passive hand but not tool trials. This is
well in line with a recent behavioral study, highlighting that knowledge
about the dynamics of a used object is crucial for predictive processes, in
that prediction is possible if the used tool is rigid (e.g., if it’s made of
wood; Miller et al., 2018). Our study thus extends these ﬁndings in
showing the link between tool use and predictive mechanisms on a
neural level. For our data, we propose that the MTG plays a central role in
using semantic knowledge about the end effector (hand or tool) which
needs to be retrieved to create accurate predictions about the sensory
consequences related to the required movement.
Lastly, the factors instrumentality and action execution interacted in
the caudate nucleus. As a part of the basal ganglia, it is known to be
involved in motor control (e.g., Graybiel et al., 1994; Groenewegen,

Commonalities for Hand and Tool Actions: Sensory Attenuation and
BOLD Suppression), the comparison of passive against active conditions
across hand and tool conditions (as assessed by the conjunction analysis)
yielded signal in several brain regions, including the left SMA, the right
cerebellum, and the right PPC (incl. precuneus). These areas have previously been shown to be relevant for the processing of sensory predictions and prediction errors during actions executed without tools (for
a review, see Shadmehr and Krakauer, 2008). For instance, SMA participates in predictive motor planning processes and reduces sensory
attenuation when disrupted, thus possibly providing efference copy signals (Haggard and Whitford, 2004; Makoshi et al., 2011). The cerebellum
is thought to be involved in generating (Blakemore et al., 1999, 1998;
Leube et al., 2003; Miall et al., 2007) and updating predictions about
sensory input (Roth et al., 2013; Synofzik et al., 2008) by signaling
prediction errors speciﬁc to self-initiated actions (Blakemore et al., 2001;
Schlerf et al., 2012; van Kemenade et al., 2019). Lastly, the PPC contributes to the online correction of movements (Andersen and Cui, 2009;
Della-Maggiore et al., 2004; Desmurget et al., 1999) by signaling intersensory conﬂicts (van Kemenade et al., 2019). It is thus likely that these
areas work together, which is consistent with studies showing strong
effective connectivity between SMA and the cerebellum (Zhang et al.,
2010) as well as powerful projections from the PPC to the cerebellum
(Stein and Glickstein, 1992). Here, we were able to replicate and extend
these ﬁndings for two action contexts (hand/tool).
In tool use contexts, the link to predictive processing is less well
explored in the literature, although the cerebellum has been proposed as
a site that creates and stores forward models involving tools (see Higuchi
et al., 2007 for review; Imamizu, 2011; Imamizu et al., 2000; Imamizu
and Kawato, 2012). The cerebellum, SMA, and PPC have previously been
associated with imagination and the actual use of tools (Higuchi et al.,
2007). However, we show for the ﬁrst time that signal in these areas is
less pronounced for actively relative to passively generated sensory information, thereby isolating the speciﬁc effect of the efference copy in
tool use contexts. Taken together, these ﬁndings suggest that hand and
tool use actions share similar representations, indicating that the proposed predictive mechanisms can be transferred to tool use contexts.
While it might be counterintuitive to ﬁnd larger BOLD signal in
passive than in active conditions in motor control areas, our results ﬁt
well with previous literature. Several studies, including ﬁndings from our
own group, have found reduced BOLD signal in SMA, primary motor
cortex, and cerebellum for active movements (Blakemore et al., 1998;
Leube et al., 2003; Straube et al., 2017). Activity in SMA, the cerebellum,
the PPC, and the SFG have frequently been associated with the processing
of agency-related errors or the loss of agency (Nahab et al., 2011; Sperduti et al., 2011; Yomogida et al., 2010). Thus, our data could indicate
that participants experienced less agency over their actions in passive
conditions, in which they did not initiate the movement themselves.
Alternatively, larger signals in passive than in active trials could reﬂect
error processing (similar to Schlerf et al., 2012): In the passive condition,
participants did not generate the movement, and were consequently not
able to predict the imminent sensory input based on an efference copy.
The sensory input could thus not be predicted as accurately as in the
active condition, resulting in a mismatch between the expected and the
actual sensory input. Such a mismatch produces a prediction error signal
(e.g., Diedrichsen et al., 2005; Schlerf et al., 2012), thereby enhancing
the BOLD signal in the passive condition. Our data cannot favor one
explanation over the other; however, both explanations ﬁt well into the
predictive framework.
4.3. Differences between hand and tool actions with regard to prediction
Finally, we assumed that incorporating tools into the predictive
model would demand additional resources, as it is unlikely that the
efference copy alone can predict sensory consequences generated by
anything else than our own body. We expected that tool-related information has to be integrated into the sensorimotor prediction, a process
7
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Fig. 3. Commonalities in BOLD suppression for hand and tool conditions. A. Conjunction analysis showing brain areas with reduced signal in active relative to passive
conditions, across both the hand and the tool condition, irrespective of feedback modality, [(HandPasUni þ HandPasBi) - (HandActUni þ HandActBi)] \ [(ToolPasUni
þ ToolPasBi) - (ToolActUni þ ToolActBi)]. Signiﬁcance threshold: p < .001 (unc.) with a cluster extent threshold of 83 voxels (p < .05 Monte Carlo cluster level
corrected; Slotnick, 2017). See also Table 1. R ¼ right, L ¼ left. B. Contrast estimates in the right precuneus, right cerebellum lobule VIII, and left medial occipitotemporal gyrus (also known as lingual gyrus) extracted from part A of this Figure. Bars represent the extracted eigenvariates for each condition. Error bars show
standard error of the mean (SEM).

nucleus is sensitive to violations of learned contingencies. Here, we
observed less BOLD signal in the active than in the passive condition
during hand, but not during tool movements. Our data are the ﬁrst to
show that the predictive features of the caudate nucleus are differentially
affected by the properties of the end effector. We propose that this could
reﬂect the amount of unpredicted information that might be higher in
tool compared to hand conditions.

2003), in error prediction during task order unpredictability (Dreher and
Grafman, 2002), and in the processing of unexpected events (den Ouden
et al., 2010). The basal ganglia also play a role in tasks associated to
causal inference, e.g., in the judgement of causal relationships during the
collision of two balls (Straube and Chatterjee, 2010), or violations of
temporal continuity, e.g., in representing action-outcome contingency
contexts (Grahn et al., 2008). These results indicate that the caudate

Fig. 4. Differences between hand and tool prediction.
A. Interaction analysis showing brain areas differentially affected by the factors instrumentality and action
execution, with reduced BOLD signal for active
compared to passive conditions for hand but not tool
actions, [(HandPasUni þ HandPasBi) - (HandActUni
þ HandActBi)] - [(ToolPasUni þ ToolPasBi) - (ToolActUni þ ToolActBi)]. Signiﬁcance threshold:
p < .001 (unc.) with a cluster extent threshold of 83
voxel (p < .05 Monte Carlo cluster level corrected;
Slotnick, 2017). See also Table 2. R ¼ right, L ¼ left. B.
Difference in contrast estimates (extracted eigenvariates from part A of this Figure) between active and
passive condition (active - passive) in the right middle
temporal gyrus (MTG, upper graph) and left postcentral gyrus (lower graph). Individual bars are shown
in Supplementary Fig. 5. The difference is negative for
the hand condition, but positive for the tool condition.
Error bars show standard error of the mean (SEM).
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4.4. Limitations

Acknowledgements

There are some limitations which need to be acknowledged. First,
since our custom-made movement device is a hand-held object, one could
argue that it might be processed as a tool itself. While an objective and
unambiguous deﬁnition of the notion “tool” remains elusive (Bentley-Condit and Smith, 2010), it is commonly consented that any handheld instrument that is used to manipulate other objects in the
environment can be considered a tool (Shumaker et al., 2011). This implies that tools are discrete entities that provide a link between a body
part and the target object (Osiurak et al., 2010). Consequently, tools can
be replaced by any object that also allows the appropriate manipulation
of the target object (e.g., replace a fork by chopsticks). Whether or not an
object can be considered a tool thus depends on the goal of the action
(Orban and Caruana, 2014; Osiurak et al., 2010). We argue that the
movement device did not qualify as a tool, as it was 1) not used to
manipulate another object, and 2) could not be replaced by any other
object, as this would eliminate the target/goal of the action. The tool on
the other hand 1) was used to manipulate the device’s handle and 2)
could be replaced by any other object that would allow the manipulation
of the device’s handle. Moreover, instructions were designed to make the
hand/tool distinction explicit to participants: The hand condition was
announced as the block where they would ‘use their own hand’, whereas
the tool condition was announced as the block where they would ‘use the
tool’. Importantly, the visual input clearly differed between conditions,
as participants either observed their hand or the moving tool (see Fig. 1)
manipulating the movement device, which makes the overlap in neural
activation even more remarkable.
Second, the tool condition was quite simple, and the required
movement was similar to the movement required in the hand condition.
However, we argue that this is often what constitutes a tool in real life,
e.g., when we use a pen instead of a ﬁnger to operate a smartphone. In
fact, tool use has been intensively studied in other research contexts with
simple tools like ours, such as sticks (Berti and Frassinetti, 2000; Kilteni
and Ehrsson, 2017) or rakes (Bourgeois et al., 2014; Guterstam et al.,
2018; Johnson-Frey, 2003). Nevertheless, future studies should consider
including more complex tools in their experiments to understand potential tool-speciﬁc transformation processes.
Lastly, our results do not show the left hemisphere predominance
commonly found in tool use (e.g., Ishibashi et al., 2016; Lewis, 2006) but
rather reveal a mostly bilateral pattern (see Fig. 3 and Fig. 4). One possibility is that the right hemisphere might play a larger role in tool use
than commonly acknowledged. This is in line with several neuroimaging
studies showing (weaker) involvement of homologous right hemisphere
regions in addition to left hemisphere activity in tool use (e.g.,
Hermsd€
orfer et al., 2007; Rallis et al., 2018; Vingerhoets et al., 2011).
Further, the analyses we reported here were not suited to isolate the
neural correlates of tool use and its lateralization per se, since this was
not the aim of the study. Instead, tool use actions were always analyzed in
relation to hand actions in the context of prediction of action consequences. When we directly compared tool against hand actions (without
considering any other factor), the signal was more pronounced in the left
hemisphere (inferior and middle occipital cortices; see Supplementary
Fig. 2).

This work was funded by the German Research Foundation, Germany,
through the IRTG 1901 and the SFB/TRR 135 TP A3 (project number
222641018). The authors declare no competing ﬁnancial interests. We
thank the Core Facility Brain Imaging Marburg and Anastasia Benedyk
for assistance with data collection as well as Jens Sommer for assistance
in implementing of the experimental hardware.
Appendix A. Supplementary data
Supplementary data to this article can be found online at https://doi.
org/10.1016/j.neuroimage.2019.116309.
References
Andersen, R.A., Cui, H., 2009. Intention, action planning, and decision making in parietalfrontal circuits. Neuron 63 (5), 568–583. https://doi.org/10.1016/
j.neuron.2009.08.028.
Arikan, B.E., van Kemenade M., B., Podranski, K., Steinstr€ater, O., Straube, B., Kircher, T.,
2019. Perceiving your hand moving: BOLD suppression in sensory cortices and the
role of the cerebellum in the detection of feedback delays. J. Vis. In press.
Baumann, O., Borra, R.J., Bower, J.M., Cullen, K.E., Habas, C., Ivry, R.B., Leggio, M.,
Mattingley, J.B., Molinari, M., Moulton, E.A., Paulin, M.G., Pavlova, M.A.,
Schmahmann, J.D., Sokolov, A.A., 2015. Consensus paper: the role of the cerebellum
in perceptual processes. Cerebellum 14 (2), 197–220. https://doi.org/10.1007/
s12311-014-0627-7.
Bays, P.M., Flanagan, J.R., Wolpert, D.M., 2006. Attenuation of self-generated tactile
sensations is predictive, not postdictive. PLoS Biol. 4 (2), e28. https://doi.org/
10.1371/journal.pbio.0040028.
Beauchamp, M.S., Martin, A., 2007. Grounding object concepts in perception and action:
evidence from fMRI studies of tools. Cortex 43 (3), 461–468. https://doi.org/
10.1016/s0010-9452(08)70470-2.
Beauchamp, M.S., Lee, K.E., Haxby, J.V., Martin, A., 2003. FMRI responses to video and
point-light displays of moving humans and manipulable objects. J. Cogn. Neurosci.
15 (7), 991–1001. https://doi.org/10.1162/089892903770007380.
Bentley-Condit, V., Smith, E.O., 2010. Animal tool use: current deﬁnitions and an updated
comprehensive catalog. Behaviour 147 (2). https://doi.org/10.1163/
000579509X12512865686555, 185–32A.
Berti, A., Frassinetti, F., 2000. When Far Becomes Near: Remapping of Space by Tool Use.
J. Cogn. Neurosci. 12 (3), 415–420. https://doi.org/10.1162/089892900562237.
Blakemore, S.-J., Wolpert, D.M., Frith, C.D., 1998. Central cancellation of self-produced
tickle sensation. Nat. Neurosci. 1 (7), 635–640. https://doi.org/10.1038/2870.
Blakemore, S.-J., Wolpert, D.M., Frith, C.D., 1999. The cerebellum contributes to
somatosensory cortical activity during self-produced tactile stimulation. Neuroimage
10 (4), 448–459. https://doi.org/10.1006/nimg.1999.0478.
Blakemore, S.-J., Frith, C.D., Wolpert, D.M., 2001. The cerebellum is involved in
predicting the sensory consequences of action. Neuroreport 12 (9), 1879–1884.
https://doi.org/10.1097/00001756-200107030-00023.
Bourgeois, J., Farne, A., Coello, Y., 2014. Costs and beneﬁts of tool-use on the perception
of reachable space. Acta Psychol. 148, 91–95. https://doi.org/10.1016/
j.actpsy.2014.01.008.
Brandi, M.-L., Wohlschl€ager, A., Sorg, C., Hermsd€
orfer, J., 2014. The neural correlates of
planning and executing actual tool use. J. Neurosci. 34 (39), 13183–13194. https://
doi.org/10.1523/JNEUROSCI.0597-14.2014.
Canzoneri, E., Ubaldi, S., Rastelli, V., Finisguerra, A., Bassolino, M., Serino, A., 2013.
Tool-use reshapes the boundaries of body and peripersonal space representations.
Exp. Brain Res. 228 (1), 25–42. https://doi.org/10.1007/s00221-013-3532-2.
Cardinali, L., Frassinetti, F., Brozzoli, C., Urquizar, C., Roy, A.C., Farne, A., 2009. Tool-use
induces morphological updating of the body schema. Curr. Biol. 19 (13), R478–R479.
https://doi.org/10.1016/j.cub.2009.06.048.
Cardinali, L., Jacobs, S., Brozzoli, C., Frassinetti, F., Roy, A.C., Farne, A., 2012. Grab an
object with a tool and change your body: tool-use-dependent changes of body
representation for action. Exp. Brain Res. 218 (2), 259–271. https://doi.org/
10.1007/s00221-012-3028-5.
Cardinali, L., Brozzoli, C., Finos, L., Roy, A.C., Farne, A., 2016. The rules of tool
incorporation: Tool morpho-functional & sensori-motor constraints. Cognition 149,
1–5. https://doi.org/10.1016/j.cognition.2016.01.001.
Cardoso-Leite, P., Mamassian, P., Schütz-Bosbach, S., Waszak, F., 2010. A new look at
sensory attenuation. Action-effect anticipation affects sensitivity, not response bias.
Psychol. Sci. 21 (12), 1740–1745. https://doi.org/10.1177/0956797610389187.
Chao, L.L., Haxby, J.V., Martin, A., 1999. Attribute-based neural substrates in temporal
cortex for perceiving and knowing about objects. Nat. Neurosci. 2, 913–919. https://
doi.org/10.1038/13217.
Chao, L.L., Weisberg, J., Martin, A., 2002. Experience-dependent modulation of categoryrelated cortical activity. Cerebr. Cortex 12 (5), 545–551. https://doi.org/10.1093/
cercor/12.5.545.
David, N., Cohen, M.X., Newen, A., Bewernick, B.H., Shah, N.J., Fink, G.R., Vogeley, K.,
2007. The extrastriate cortex distinguishes between the consequences of one’s own
and others’ behavior. Neuroimage 36 (3), 1004–1014. https://doi.org/10.1016/
j.neuroimage.2007.03.030.

5. Conclusion
Our ﬁndings provide behavioral and neural support for the hypothesis that the processing of sensory consequences of tool use movements
relies on efference-copy-based predictive mechanisms, as indicated by
suppressed perceptual processing for active compared to passive actions.
We further show that the postcentral gyrus, MTG, and the caudate nucleus contribute to these predictions, most likely by optimizing the motor
command prediction to the end effector (i.e., hand or tool). Taken
together, our results suggest that the brain dynamically updates sensorimotor predictive models to anticipate the dynamics of the end effector.
9

M. Pazen et al.

NeuroImage 206 (2020) 116309
Martel, M., Cardinali, L., Bertonati, G., Jouffrais, C., Finos, L., Farne, A., Roy, A.C., 2019.
Somatosensory-guided tool use modiﬁes arm representation for action. Sci. Rep. 9
(1), 5517. https://doi.org/10.1038/s41598-019-41928-1.
Martin, A., Wiggs, C.L., Ungerleider, L.G., Haxby, J.V., 1996. Neural correlates of
category-speciﬁc knowledge. Nature 379 (6566), 649–652. https://doi.org/10.1038/
379649a0.
Miall, R.C., Christensen, L.O., Cain, O., Stanley, J., 2007. Disruption of state estimation in
the human lateral cerebellum. PLoS Biol. 5 (11), e316. https://doi.org/10.1371/
journal.pbio.0050316.
Miller, L.E., Longo, M.R., Saygin, A.P., 2014. Tool morphology constrains the effects of
tool use on body representations. J. Exp. Psychol. Hum. Percept. Perform. 40 (6),
2143–2153. https://doi.org/10.1037/a0037777.
Miller, L.E., Longo, M.R., Saygin, A.P., 2017. Visual illusion of tool use recalibrates tactile
perception. Cognition 162, 32–40. https://doi.org/10.1016/j.cognition.2017.01.022.
Miller, L.E., Montroni, L., Koun, E., Salemme, R., Hayward, V., Farne, A., 2018. Sensing
with tools extends somatosensory processing beyond the body. Nature 561 (7722),
239–242. https://doi.org/10.1038/s41586-018-0460-0.
Nahab, F.B., Kundu, P., Gallea, C., Kakareka, J., Pursley, R., Pohida, T., Miletta, N.,
Friedman, J., Hallett, M., 2011. The neural processes underlying self-agency. Cerebr.
Cortex 21 (1), 48–55. https://doi.org/10.1093/cercor/bhq059.
Nichols, T., Brett, M., Andersson, J., Wager, T., Poline, J.-B., 2005. Valid conjunction
inference with the minimum statistic. Neuroimage 25 (3), 653–660. https://doi.org/
10.1016/j.neuroimage.2004.12.005.
Oldﬁeld, R.C., 1971. The assessment and analysis of handedness: the Edinburgh
inventory. Neuropsychologia 9 (1), 97–113. https://doi.org/10.1016/0028-3932(71)
90067-4.
Orban, G.A., Caruana, F., 2014. The neural basis of human tool use. Front. Psychol. 5:310,
1–12. https://doi.org/10.3389/fpsyg.2014.00310.
Osiurak, F., Jarry, C., Le Gall, D., 2010. Grasping the affordances, understanding the
reasoning: toward a dialectical theory of human tool use. Psychol. Rev. 117 (2),
517–540. https://doi.org/10.1037/a0019004.
Peeters, R., Simone, L., Nelissen, K., Fabbri-Destro, M., Vanduffel, W., Rizzolatti, G.,
Orban, G.A., 2009. The representation of tool use in humans and monkeys: common
and uniquely human features. J. Neurosci. 29 (37), 11523–11539. https://doi.org/
10.1523/JNEUROSCI.2040-09.2009.
Penﬁeld, W., Boldrey, E., 1937. Somatic motor and sensory representation in the cerebral
cortex of man as studied by electrical stimulation. Brain 60, 389–443. https://
doi.org/10.1093/brain/60.4.389.
Pynn, L.K., DeSouza, J.F.X., 2013. The function of efference copy signals: Implications for
symptoms of schizophrenia. Vision Res. 76, 124–133. https://doi.org/10.1016/
j.visres.2012.10.019.
Rallis, A., Fercho, K.A., Bosch, T.J., Baugh, L.A., 2018. Getting a handle on virtual tools:
An examination of the neuronal activity associated with virtual tool use.
Neuropsychologia 109, 208–221. https://doi.org/10.1016/
j.neuropsychologia.2017.12.023.
Reynaud, E., Lesourd, M., Navarro, J., Osiurak, F., 2016. On the neurocognitive origins of
human tool use : A critical review of neuroimaging data. Neurosci. Biobehav. Rev. 64,
421–437. https://doi.org/10.1016/j.neubiorev.2016.03.009.
Roe, A.W., Chelazzi, L., Connor, C.E., Conway, B.R., Fujita, I., Gallant, J.L., Lu, H.,
Vanduffel, W., 2012. Toward a uniﬁed theory of visual area V4. Neuron 74 (1),
12–29. https://doi.org/10.1016/j.neuron.2012.03.011.
Rolls, E.T., Joliot, M., Tzourio-Mazoyer, N., 2015. Implementation of a new parcellation
of the orbitofrontal cortex in the automated anatomical labeling atlas. Neuroimage
122, 1–5. https://doi.org/10.1016/j.neuroimage.2015.07.075.
Roth, M.J., Synofzik, M., Lindner, A., 2013. The cerebellum optimizes perceptual
predictions about external sensory events. Curr. Biol. 23 (10), 930–935. https://
doi.org/10.1016/j.cub.2013.04.027.
Schlerf, J., Ivry, R.B., Diedrichsen, J., 2012. Encoding of sensory prediction errors in the
human cerebellum. J. Neurosci. 32 (14), 4913–4922. https://doi.org/10.1523/
JNEUROSCI.4504-11.2012.
Schmalenbach, S.B., Billino, J., Kircher, T., van Kemenade, B.M., Straube, B., 2017. Links
between Gestures and Multisensory Processing: Individual Differences Suggest a
Compensation Mechanism. Front. Psychol. 8, 1828. https://doi.org/10.3389/
fpsyg.2017.01828.
Schütt, H.H., Harmeling, S., Macke, J.H., Wichmann, F.A., 2016. Painfree and accurate
Bayesian estimation of psychometric functions for (potentially) overdispersed data.
Vis. Res. 122, 105–123. https://doi.org/10.1016/j.visres.2016.02.002.
Shadmehr, R., Krakauer, J.W., 2008. A computational neuroanatomy for motor control.
Exp. Brain Res. 185 (3), 359–381. https://doi.org/10.1007/s00221-008-1280-5.
Shergill, S.S., White, T.P., Joyce, D.W., Bays, P.M., Wolpert, D.M., Frith, C.D., 2013.
Modulation of somatosensory processing by action. Neuroimage 70, 356–362.
https://doi.org/10.1016/j.neuroimage.2012.12.043.
Shumaker, R.W., Walkup, K.R., Beck, B.B., 2011. Animal Tool Behavior: the Use and
Manufacture of Tools by Animals, Rev. & Upd. The Johns Hopkins University Press,
Baltimore (Maryland).
Slotnick, S.D., 2017. Cluster success: fMRI inferences for spatial extent have acceptable
false-positive rates. Cogn. Neurosci. 8 (3), 150–155. https://doi.org/10.1080/
17588928.2017.1319350.
Sperduti, M., Delaveau, P., Fossati, P., Nadel, J., 2011. Different brain structures related
to self- and external-agency attribution: a brief review and meta-analysis. Brain
Struct. Funct. 216 (2), 151–157. https://doi.org/10.1007/s00429-010-0298-1.
Sperry, R.W., 1950. Neural basis of the spontaneous optokinetic response produced by
visual inversion. J. Comp. Physiol. Psychol. 43 (6), 482–489. https://doi.org/
10.1037/h0055479.
Stein, J.F., Glickstein, M., 1992. Role of the cerebellum in visual guidance of movement.
Physiol. Rev. 72 (4), 967–1017. https://doi.org/10.1152/physrev.1992.72.4.967.

Della-Maggiore, V., Malfait, N., Ostry, D.K., Paus, T., 2004. Stimulation of the posterior
parietal cortex interferes with arm trajectory adjustments during the learning of new
dynamics. J. Neurosci. 24 (44), 9971–9976. https://doi.org/10.1523/
JNEUROSCI.2833-04.2004.
den Ouden, H.E., Daunizeau, J., Roiser, J., Friston, K.J., Stephan, K.E., 2010. Striatal
prediction error modulates cortical coupling. J. Neurosci. 30 (9), 3210–3219. https://
doi.org/10.1523/JNEUROSCI.4458-09.2010.
Desmurget, M., Epstein, C.M., Turner, R.S., Prablanc, C., Alexander, G.E., Grafton, S.T.,
1999. Role of the posterior parietal cortex in updating reaching movements to a
visual target. Nat. Neurosci. 2 (6), 563–567. https://doi.org/10.1038/9219.
Devlin, J.T., Moore, C.J., Mummery, C.J., Gorno-Tempini, M.L., Phillips, J.A.,
Noppeney, U., Frackowiak, R.S., Friston, K.J., Price, C.J., 2002. Anatomic constraints
on cognitive theories of category speciﬁcity. Neuroimage 15 (3), 675–685. https://
doi.org/10.1006/nimg.2001.1002.
Diedrichsen, J., Hashambhoy, Y., Rane, T., Shadmer, R., 2005. Neural correlates of reach
errors. J. Neurosci. 25 (43), 9919–9931. https://doi.org/10.1523/JNEUROSCI.187405.2005.
Dreher, J.-C., Grafman, J., 2002. The roles of the cerebellum and basal ganglia in timing
and error prediction. Eur. J. Neurosci. 16 (8), 1609–1619. https://doi.org/10.1046/
j.1460-9568.2002.02212.x.
Elijah, R.B., Le Pelley, M.E., Whitford, T.J., 2016. Modifying temporal expectations:
changing cortical responsivity to delayed self-initiated sensations with training. Biol.
Psychol. 120, 88–95. https://doi.org/10.1016/j.biopsycho.2016.09.001.
Farrer, C., Frey, S.H., Van Horn, J.D., Tunik, E., Turk, D., Inati, S., Grafton, S.T., 2008. The
angular gyrus computes action awareness representations. Cerebr. Cortex 18 (2),
254–261. https://doi.org/10.1093/cercor/bhm050.
Gallivan, J.P., McLean, D.A., Valyear, K.F., Culham, J.C., 2013. Decoding the neural
mechanisms of human tool use. Elife 2:e00425, 1–29. https://doi.org/10.7554/
eLife.00425.
Grahn, J.A., Parkinson, J.A., Owen, A.M., 2008. The cognitive functions of the caudate
nucleus. Prog. Neurobiol. 86 (3), 141–155. https://doi.org/10.1016/
j.pneurobio.2008.09.004.
Graybiel, A.M., Aosaki, T., Flaherty, A.W., Kimura, M., 1994. The basal ganglia and
adaptive motor control. Science 265 (5180), 1826–1831. https://doi.org/10.1126/
science.8091209.
Groenewegen, H.J., 2003. The basal ganglia and motor control. Neural Plast. 10 (1–2),
107–120. https://doi.org/10.1155/NP.2003.107.
Guterstam, A., Szczotka, J., Zeberg, H., Ehrsson, H.H., 2018. Tool use changes the spatial
extension of the magnetic touch illusion. J. Exp. Psychol. Gen. 147 (2), 298–303.
https://doi.org/10.1037/xge0000390.
Haggard, P., 2017. Sense of agency in the human brain. Nat. Rev. Neurosci. 18 (4),
197–207. https://doi.org/10.1038/nrn.2017.14.
Haggard, P., Whitford, B., 2004. Supplementary motor area provides an efferent signal for
sensory suppression. Cogn. Brain Res. 19 (1), 52–58. https://doi.org/10.1016/
j.cogbrainres.2003.10.018.
Hermsd€
orfer, J., Terlinden, G., Mühlau, M., Goldenberg, G., Wohlschl€ager, A.M., 2007.
Neural representations of pantomimed and actual tool use: evidence from an eventrelated fMRI study. Neuroimage 36 (Suppl 2), T109–T118. https://doi.org/10.1016/
j.neuroimage.2007.03.037.
Higuchi, S., Imamizu, H., Kawato, M., 2007. Cerebellar activity evoked by common tooluse execution and imagery tasks: an fMRI study. Cortex 43 (3), 350–358. https://
doi.org/10.1016/s0010-9452(08)70460-x.
Imamizu, H., 2011. Learning and switching of internal models for dexterous tool use. In:
Danion, F., Latash, M.L. (Eds.), Motor control : theories, experiments, and
applications. Oxford University Press, New York, pp. 245–266.
Imamizu, H., Kawato, M., 2012. Cerebellar internal models: implications for the
dexterous use of tools. Cerebellum 11 (2), 325–335. https://doi.org/10.1007/
s12311-010-0241-2.
Imamizu, H., Miyauchi, S., Tamada, T., Sasaki, Y., Takino, R., Pütz, B., Yoshioka, T.,
Kawato, M., 2000. Human cerebellar activity reﬂecting an acquired internal model of
a new tool. Nature 403 (6766), 192–195. https://doi.org/10.1038/35003194.
Ishibashi, R., Pobric, G., Saito, S., Lambon Ralph, M.A., 2016. The neural network for
tool-related cognition: An activation likelihood estimation meta-analysis of 70
neuroimaging contrasts. Cogn. Neuropsychol. 33 (3–4), 241–256. https://doi.org/
10.1080/02643294.2016.1188798.
Johnson-Frey, S.H., 2003. What’s so special about human tool use? Neuron 39 (2),
201–204. https://doi.org/10.1016/s0896-6273(03)00424-0.
Johnson-Frey, S.H., 2004. The neural bases of complex tool use in humans. Trends Cogn.
Sci. 8 (2), 71–78. https://doi.org/10.1016/j.tics.2003.12.002.
Juravle, G., Binsted, G., Spence, C., 2017. Tactile suppression in goal-directed movement.
Psychon. Bull. Rev. 24 (4), 1060–1076. https://doi.org/10.3758/s13423-016-12036.
Kilteni, K., Ehrsson, H.H., 2017. Sensorimotor predictions and tool use: Hand-held tools
attenuate self-touch. Cognition 165, 1–9. https://doi.org/10.1016/
j.cognition.2017.04.005.
Leube, D.T., Knoblich, G., Erb, M., Bartels, M., Kircher, T.T., 2003. The neural correlates
of perceiving one’s own movements. Neuroimage 20 (4), 2084–2090. https://
doi.org/10.1016/j.neuroimage.2003.07.033. –2090.
Leube, D.T., Knoblich, G., Erb, M., Schlotterbeck, P., Kircher, T.T., 2010. The neural basis
of disturbed efference copy mechanism in patients with schizophrenia. Cogn.
Neurosci. 1 (2), 111–117. https://doi.org/10.1080/17588921003646156.
Lewis, J.W., 2006. Cortical networks related to human use of tools. Neuroscience 12 (3),
211–231. https://doi.org/10.1177/1073858406288327.
Makoshi, Z., Kroliczak, G., van Donkelaar, P., 2011. Human supplementary motor area
contribution to predictive motor planning. J. Mot. Behav. 43 (4), 303–309. https://
doi.org/10.1080/00222895.2011.584085.

10

M. Pazen et al.

NeuroImage 206 (2020) 116309
van Kemenade, B.M., Arikan, B.E., Podranski, K., Steinstr€ater, O., Kircher, T., Straube, B.,
2019. Distinct Roles for the Cerebellum, Angular Gyrus, and Middle Temporal Gyrus
in Action-Feedback Monitoring. Cerebr. Cortex 29 (4), 1520–1531. https://doi.org/
10.1093/cercor/bhy048.
Vingerhoets, G., Vandekerckhove, E., Honore, P., Vandemaele, P., Achten, E., 2011.
Neural correlates of pantomiming familiar and unfamiliar tools: action semantics
versus mechanical problem solving? Hum. Brain Mapp. 32 (6), 905–918. https://
doi.org/10.1002/hbm.21078.
von Holst, E., Mittelstaedt, H., 1950. Das Reafferenzprinzip. Naturwissenschaften 37 (20),
464–476. https://doi.org/10.1007/BF00622503.
Weiss, C., Herwig, A., Schütz-Bosbach, S., 2011. The self in action effects: selective
attenuation of self-generated sounds. Cognition 121 (2), 207–218. https://doi.org/
10.1016/j.cognition.2011.06.011.
Wolpert, L., 2009. Cognition: evolution does help to explain how minds work. Nature 459
(7246), 506. https://doi.org/10.1038/459506a.
Wolpert, D.M., Flanagan, J.R., 2001. Motor prediction. Curr. Biol. 11 (18), R729–R732.
https://doi.org/10.1016/s0960-9822(01)00432-8.
Wolpert, D.M., Ghahramani, Z., Jordan, M.I., 1995. An internal model for sensorimotor
integration. Science 269 (5232), 1880–1882. https://doi.org/10.1126/
science.7569931.
Yomogida, Y., Sugiura, M., Sassa, Y., Wakusawa, K., Sekiguchi, A., Fukushima, A.,
Takeuchi, H., Horie, K., Sato, S., Kawashima, R., 2010. The neural basis of agency: an
fMRI study. Neuroimage 50 (1), 198–207. https://doi.org/10.1016/
j.neuroimage.2009.12.054.
Zhang, L., Zhong, G., Wu, Y., Vangel, M.G., Jiang, B., Kong, J., 2010. Using GrangerGeweke causality model to evaluate the effective connectivity of primary motor
cortex (M1), supplementary motor area (SMA) and cerebellum. J. Biomed. Sci. Eng.
3, 848–860. https://doi.org/10.4236/jbise.2010.39115.

Straube, B., Chatterjee, A., 2010. Space and time in perceptual causality. Front. Hum.
Neurosci. 4:28, 1–10. https://doi.org/10.3389/fnhum.2010.00028.
Straube, B., van Kemenade, B.M., Arikan, B.E., Fiehler, K., Leube, D.T., Harris, L.R.,
Kircher, T., 2017. Predicting the Multisensory Consequences of One’s Own Action:
BOLD Suppression in Auditory and Visual Cortices. PLoS One 12 (1), e0169131.
https://doi.org/10.1371/journal.pone.0169131.
Synofzik, M., Lindner, A., Thier, P., 2008. The cerebellum updates predictions about the
visual consequences of one’s behavior. Curr. Biol. 18 (11), 814–818. https://doi.org/
10.1016/j.cub.2008.04.071.
Taylor, A.H., Cheke, L.G., Waismeyer, A., Meltzoff, A.N., Miller, R., Gopnik, A.,
Clayton, N.S., Gray, R.D., 2014. Of babies and birds: complex tool behaviours are not
sufﬁcient for the evolution of the ability to create a novel causal intervention. Proc. R.
Soc. Biol. Sci. 281 (1787), 20140837. https://doi.org/10.1098/rspb.2014.0837.
Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N.,
Mazoyer, B., Joliot, M., 2002. Automated anatomical labeling of activations in SPM
using a macroscopic anatomical parcellation of the MNI MRI single-subject brain.
Neuroimage 15 (1), 273–289. https://doi.org/10.1006/nimg.2001.0978.
Valyear, K.F., Gallivan, J.P., McLean, D.A., Culham, J.C., 2012. fMRI repetition
suppression for familiar but not arbitrary actions with tools. J. Neurosci. 32 (12),
4247–4259. https://doi.org/10.1523/JNEUROSCI.5270-11.2012.
van Kemenade, B.M., Arikan, B.E., Kircher, T., Straube, B., 2016. Predicting the sensory
consequences of one’s own action: First evidence for multisensory facilitation. Atten.
Percept. Psychophys. 78 (8), 2515–2526. https://doi.org/10.3758/s13414-0161189-1.
van Kemenade, B.M., Arikan, B.E., Kircher, T., Straube, B., 2017. The angular gyrus is a
supramodal comparator area in action–outcome monitoring. Brain Struct. Funct. 222
(8), 3691–3703. https://doi.org/10.1007/s00429-017-1428-9.

11

