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BACKGROUND AND AIMS 

In our everyday life, we encounter and utilize many different tools, such as when we open the cutlery drawer and pick-

up a small spoon to stir our coffee. Tools are manipulable objects that, unlike other objects in the world (e.g., 

buildings), are tightly linked to highly predictable action procedures. Compared to other primates, humans are quite 

unique as we are the only species that invents, manufactures and uses complex tools (such as knifes), reflecting a deep 

understanding of our bodies, surrounding objects and the environment in which we live in (Ambrose, 2001). According 

to an influential model of the visual system, a dorsal stream, projecting from V1 to the posterior parietal cortex, uses 

visual information to guide actions, while a ventral stream, from V1 to inferior temporal cortex, uses visual information 

to guide visual recognition of objects (Milner & Goodale 2006). However, complex learned actions, such as tool use, 

require both object recognition and access to stored semantic knowledge about the tool, thus calling for explicit 

cooperation between the ventral and dorsal streams (Milner & Goodale 2006).  

Neuroimaging has revealed a left-lateralized network of perceptual regions (in occipito-temporal cortex) and 

motor areas (in fronto-parietal cortex) for tool processing, but the exact role of these regions remains unclear. 

Moreover, our present understanding of the neural mechanisms that govern tool use predominantly comes from 

studies using photographs of tools, videos of people using tools or imagined tool use acts (Lewis, 2006) and not from 

studies actually asking participants to use real tools with their hands. Yet, even though we are able to recognize tools 

when they are depicted as images, we would never try to grasp or use the tool depicted in the image. Moreover, in 

the rare studies that have participants perform tool-related actions (Goldenberg & Iriki, 2007), these consist of 

pantomimed actions (such as pretending to use a hammer without a hammer in your hand), even though we and 

others have repeatedly shown that off-line actions (such as pantomiming) and real on-line object-directed actions rely 

on quite different brain mechanisms (Rossit et al., 2011). In fact, to date, only Gallivan et al. (2013) investigated real 

hand movements towards a real tool in humans and reported that SPOC and extrastriate body area (EBA) code hand-

specific movements, while SMG and pMTG code tool-specific movements and aIPS codes both. However, whether 

these brain areas demonstrate motor affordances and/or are tuned to specific learned semantic associations about 

tools (i.e., the actions normally associated with the specific tool) remains unclear. 

Here, with the generous funding from the Bial Foundation, we carried out two real-action functional brain 

imaging (fMRI) experiments and two behavioural studies to examine the underlying neural representations of real 

hand actions towards 3D tools in the human brain. Specifically, using functional brain imaging (fMRI) and cutting-edge 

multivoxel pattern analysis (MVPA), we studied for the first time: whether perceptual and motor regions discriminate 

typical and atypical actions with real 3D tools (e.g. grasping a knife by the handle vs. the serrated edge) (project 1.1); 

and whether these regions respond similarly when viewing 3D tools, planning to grasp 3D tools or executing real 3D 

tool grasps (project 2.1). In addition, we carried out two behavioural experiments using high-resolution motion-

tracking methods to investigate whether the temporal and spatial parameters of hand movements are affected by 
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grasp functionality, object category (project 1.2), tool identity and tool subsequent use (project 2.2). Importantly, 

funding from the BIAL was used to set-up and test our real-action set-up for the MRI scanner at UEA. In our BIAL-

funded studies, rather than presenting unrealistic, ungraspable objects on a flat 2D screen viewed through a mirror or 

having subjects pretend to do actions, we have subjects performing real actions on real objects (Fig.1). Using BIAL 

funding, we developed the apparatus, paradigms and pre-processing algorithms to optimize data quality in studies of 

real hand actions (despite many challenges, especially limited space and hand motion artifacts). This investment has 

paid off. We are amongst the first to identify human brain areas that represent how to appropriately grasp objects 

and to find behavioural markers of action goals and anticipated end-state of actions with tools.  

METHODS AND RESULTS 

Project 1.1: fMRI decoding of functional tool use in the human brain 

Twenty right-handed healthy volunteers took part in the study (10 males, mean age [SD] = 23.4 [4.2]). fMRI 

measurements were acquired using a 3T wide bore GE 750 MR scanner. Data from one participant was excluded due 

to excessive head motion. Participants performed real hand actions towards 3D-printed objects viewed directly 

without the use of mirrors inside the MRI scanner (Fig. 1C). The 3D objects consisted of three tools and three non-tool 

objects (Fig. 1A). The tools consisted of kitchen utensils frequently used in real life (knife, spoon and pizza-cutter) and 

the non-tools consisted of bar-shaped objects that were designed to match the properties of the tool objects as much 

as possible whilst minimising their resemblance to any real world tools (Fig. 1A). We included these non-tool objects 

to allow decoding of object category (grasping tools vs. non-tools) and to control for elongation, a feature that has 

been recently linked to dorsal visual stream processing (Sakuraba et al., 2012). In an fMRI block-design (Fig. 1D), 

adapted from Birn, Cox & Bandettini (2004), participants grasped the left or right side of tools and non-tools (whist 

maintaining fixation) according to an auditory instruction (Fig. 1C). Since the objects were always presented in the 

same orientation grasping the right side of tools (i.e. handle) resulted in a typical movement whereas grasping the left 

side was atypical (i.e., grasping the tool by its useable end rather than handle; Fig. 1B). In addition, to investigate 

whether the action afforded by the tool was coded within tool network regions we also selected our tools according 

to whether they afforded a stirring or cutting action (i.e., spoon vs. knife/pizza-cutter). Participants were unware of 

these manipulations and were told that the experiment was about grasping 3D objects. 

In addition, to independently localize regions of interest (ROIs) in left lateralized tool network we used the 

Bodies, Objects, Tools and Hands (BOTH) perceptual functional localizer (Bracci & Op de Beeck, 2016; Fig. 2). Four 

regions were defined in the Lateral Occipital Temporal Cortex (LOTC) based on its sensitivity to viewing pictures of 

hands (LOTC-Hand), tools (LOTC-Tool), bodies (LOTC-Body) and objects (LOTC-Object). Similarly, two regions were 

defined in the Intraparietal Sulcus (IPS) that were sensitive to pictures of hands (IPS-Hand) and tools (IPS-Tool). The 

remaining regions frequently identified as part of the tool network in the brain that we defined were posterior 

Fusiform Sulcus (pFs), posterior Middle Temporal Gyrus (pMTG), anterior Supramarginal Gyrus (aSMG) and Dorsal & 

Ventral Premotor Cortex (PMd & PMv). Finally, we created an ROI in the Early Visual Cortex (EVC). Within these 

independently defined ROIs, we examined the cross-validated performance of linear SVM classifiers (Support Vector 

Machine – leave one run out cross-validation; e.g. Smith & Goodale, 2015) when trained and tested on multivoxel 
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activation patterns (Beta Weights) to discriminate between typical vs. atypical tool grasping, right vs. left non-tool 

grasping and large vs. small tool grasping. 

Fig. 1. Stimuli, set-up and design. A) Stimuli. Plastic tools and non-tools (bars) were 3D printed and each tool was matched to a 
control non-tool in terms of elongation and size on the left side thus requiring the same grip aperture. This manipulation was 
included to match the biomechanics of atypical grasping movements between tools and non-tools. All tools had the exact same 
handle which matched the width of the thinner bar (bottom right). B) Typicality manipulation. Our main condition of interest was 
grasping tools in a way consistent its typical function (i.e., by the handle) or not (i.e., by the functional end). C) Participant set-up 
from a side view. The participant lied supine with the head tilted to enable direct viewing of the hand workspace and of the 3D 
stimuli placed on a turntable without the use of mirrors (adapted from Rossit et al., 2013). The turntable could be rotated by the 
experimenter between trials to change the stimulus inserted. Flexible stalks were used to position a fixation point, illuminator and 
MR-compatible cameras to record hand and eye movements. The participant’s upper arm was restrained such that movements 
could still be made with elbow, wrist and fingers. Between actions, the hand rested in a comfortable home position as shown. 
During the experiment the scanner room was completely dark and the object and workspace could only be seen when illuminated. 
D) Timing. At the beginning and end of each run there was a baseline fixation block lasting 14s. ON block trials began with an 
auditory cue instructing the subject about the side of the object to grasp (left or right), followed by the stimulus illumination cueing 
the participant to grasp (5 times within a block). OFF block trials consisted of just fixation without any hand action. Participants 
were asked to keep stable fixation on the fixation point throughout the runs. 

 
 

 

 

 

 

 

 

Fig. 2. Independent ROI perceptual localizer. Each participant was 
scanned on a separate session consisting of a block-design 
localizer containing images of tools, hands, objects and bodies 
adapted from Bracci & Op de Beeck (2016). This data was used to 
define regions of interest for the MVPA analysis.  
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We found that LOTC-Hand and IPS-Hand discriminated between typical versus atypical tool grasping 

significantly above chance (t(16) = 2.73, p = 0.007, d = 0.66; t(18) = 3.04, p = 0.004, d = 0.7; respectively), but could not 

discriminate between left vs. right non-tool grasping (both p’s > .21; Fig. 3A). Furthermore, in both hand-selective ROIs 

a paired-sample t-test revealed significantly higher typicality decoding accuracy for tools than non-tools (t(16) = 2.11, 

p = 0.025, d = 0.51; t(18) = 3.24, p = 0.002, d = 0.74; respectively). The lack of left vs. right decoding for non-tools rules 

out the possibility that typicality decoding for tools in hand-selective ROIs was simply due to different movement 

directions. No other ROIs, including the other category-selective parts of LOTC and IPS, showed a similar pattern of 

results. Finally, to test whether the tool-specific typicality decoding could be explained by size (i.e., functional end of 

larger size vs. handle of small size) decoding accuracy was averaged across three separate classifiers using typical tool 

grasping trials (i.e., knife vs. pizza-cutter, knife vs. spoon and spoon vs. pizza-cutter). One-sample t-test showed that 

size could not be decoded above chance in any of our ROIs, suggesting that size cannot account for the reported tool-

specific typicality decoding results (Fig. 3B). In addition, we also investigated if any ROIs could discriminate object 

category (i.e., tool versus non-tools), tool identity (i.e., knife versus spoon, knife versus pizza-cutter and spoon versus 

pizza-cutter) or function (cut vs. stir) regardless of typicality. LOTC-Object discriminated object category significantly 

above chance, but this did not survive FDR correction (mean decoding accuracy = 0.53%, standard deviation 0.05%, 

t(18) = 2.86, p = 0.005, d = 0.66). For both tool identity and function above chance decoding was found in SMG, though 

this did not survive FDR correction (mean tool identity decoding accuracy = 0.37%, standard deviation = 0.06%; t(16) 

= 2.28, p = 0.018, d = 0.55; mean tool function decoding accuracy = 56%, standard deviation = 0.12%; t(16) = 2.2, p = 

0.022, d = 0.53). 
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Fig. 3. ROI MVPA results. A) Mean typicality decoding performance tool and non-tools separately. B) Mean size/grip aperture 
decoding performance regardless of typicality. Error bars represent standard errors. 

 

 Finally, we performed a whole-brain searchlight analyses using the same classifier as in the ROI-based 

decoding (e.g., Smith & Goodale, 2015). As in the ROI analysis, we contrasted typicality decoding accuracy for grasping 

tools compared to grasping non-tools using a paired-samples t-test to produce a difference map (Fig. 4A). Significantly 

higher typicality decoding for tools than non-tools was observed in a large cluster comprising an anterior portion of 

the left Superior and Middle Temporal Gyri (STG; MTG) extending into the Parahippocampal Gyrus (PHG), the right 

Fusiform Gyrus (FG), anterior Superior Parieto-Occipital Cortex (aSPOC) and posterior Superior Temporal Sulcus (pSTS). 

The opposite difference map of higher typicality decoding for non-tools than tools was not significant. Additionally, 

we also found higher typicality decoding for tools within a region of the left IPS that overlapped with our IPS-hand ROI 

(Fig.4B), albeit this map was uncorrected. Similarly to the ROI analysis, the searchlight also provided no evidence that 

the left IPS and LOTC regions could discriminate size (Fig. 4C). Instead, significant size decoding was observed in 

posterior right IPS (pIPS), left Pre-Supplementary Motor Area (Pre-SMA), superior LOTC (sLOTC), posterior Middle 

Temporal Gyrus (pMTG), Insula (INS), Retrosplenial Cortex (RSC) and bilateral cerebellum (left layers I-IV and right 

layer VI). Tool function was significantly decoded in left secondary somatosensory cortex (S2) and posterior SPOC 

(pSPOC) and right Inferior Frontal Gyrus (IFG) and MTG (Fig. 4D). However, searchlight decoding of object category 

and tool identity was not significant.  
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Fig. 4. Searchlight MVPA results. A) Typicality difference map comparing decoding for tools vs. of non-tools. B) IPS-Hand and IPS-
Tool ROIs overlaid on the uncorrected searchlight typicality difference map. C) Object size decoding. D) Tool function decoding. 
Project 1.2: Behavioural investigation of how functional tool use and object category affect grasping kinematics 

The aim of this study was to investigate how grasp functionality and object category affect the temporal and spatial 

parameters of grasping movements. Twenty-two healthy participants (6 males, mean age [SD] = 22.3 [2.4]) took part 

in this behavioural study. Stimuli, set-up, task and timing were exactly the same as in project 1.1 (Fig.1), but carried 

out outside of the MRI scanner in our motion-tracking laboratory. Six high-resolution infrared sensitive cameras 

(Qualisys) were used to record the x, y, and z positions (179 Hz) of three lightweight markers (4 mm diameter) attached 

to the participant’s right thumb, index finger and wrist. 

Peak Grip Aperture (PGA) was analysed using a 3 x 3 repeated measures ANOVA with size (small, medium & 

large) and condition (atypical tool, atypical non-tool and typical non-tool) as within-subject factors. We found a 

significant size x condition interaction (F(2,49)= 55.59, p < 0.001, ηp2 = 0.74). Post-hoc comparisons (Bonferroni 

corrected) showed that participants had larger grip apertures for some tools than their non-tools control even when 

the sizes of object portion grasped were identical. Specifically, there was significantly higher PGA for grasping the bowl 

of the spoon (S) compared to grasping the left and right sides of its non-tool control (Sb; mean differences =3.9 and 

4.3mm respectively, all p’s < 0.001; Fig. 5). In addition, PGA was significantly smaller when grasping the pizza-cutter 

wheel (P) compared to grasping the left and right sides of its non-tool control (Pb; mean differences = -3.7 and -4.7mm 

respectively, all p’s < 0.001). No significant difference in PGA was observed between grasping the knife (K) and its non-

tool control (Kb, all p’s > 0.32). Moreover, no significant difference in PGA was observed between grasping any of the 

tool handles (K,S,P) and grasping the non-tool handle control (Kb, p = 0.58). We also analysed fisher transformed R2 

values from a linear regression between object size and PGA to assess grip scaling. Interestingly, even when actions 

where biomechanically matched, we found markedly poorer grip scaling for atypical tool grasping compared to left 

and right non-tool grasping conditions (F(2,40) = 36.18, p < 0.001, ηp2 = 0.64; Fig. 5).  

Fig. 5. Behavioural motion-tracking results. The left graph shows mean PGA by condition and object. The right graph shows grip 
scaling results (higher values represent better grip scaling). Error bars represent standard errors 
 

Project 2.1: fMRI decoding of tool affordances during viewing, grasp planning and execution 

To further investigate the effects reported in project 1.1, we examined the representation of functional tool use 

change depending on movement phase (viewing tools vs. planning tool grasps vs. execution of tool grasps). Twenty-

one right-handed healthy volunteers took part in the study (12 males, mean age [SD] = 22.8 [2.8]). The set-up and task 
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were the same as in project 1.1 (Fig.1), but, in contrast to project 1.1, here we used a slow-event related design 

(adapted from Gallivan et al., 2011; Fig. 6). Participants previewed each stimuli such that they could view and then 

plan an action before executing it. This allowed us to separately examine the activity patterns during the viewing (pre-

instruction), the planning (without contamination from kinematic and haptic variables) and the execution phases. In 

addition, to independently localize regions of interest (ROIs) in left lateralized tool network each participant returned 

for a localizer session as in experiment 1.1. The data has been pre-processed and all ROIS have been identified for each 

subject. ROI MVPA and searchlight analyses are currently underway and will be completed before the end of the 

January 2019. These are identical to project 1.1, except here we will run separate decoding analysis for each movement 

phase.  

 
Fig. 6. Stimuli and design. A) Stimuli. Plastic tools and non-tools (bars) were 3D printed and each tool was matched to a control 
non-tool in terms of elongation and size on the left side, thus requiring the same grip aperture. B) Typicality manipulation. Our 
main condition of interest was grasping tools in a way consistent its typical function (i.e., by the handle) or not (i.e., by the 
functional end). C) Timing of one event-related trial and averaged neural activity from motor cortex during a single trial length. 
Trials began with the 3D objects being illuminated while the subject maintained fixation (Preview phase; 6 s). Subjects were then 
instructed via headphones to perform one of two grasping movements: grasp the left or right sides of object. This cue initiated 
the Plan phase portion of the trial. Following a fixed delay interval (12s), subjects were cued (“beep”) to perform the instructed 
hand movement (initiating the Execute phase). Two seconds after the Go cue, vision of the workspace was extinguished and 
participants waited for the following trial to begin (14 s, ITI). Note that the stimulus was only visible when illuminated during the 
experiment. 
 

A preliminary univariate analysis was conducted using a random effects general linear model (RFX GLM).  Tool-

specific grasp typicality was investigated through the balanced contrast [3*(Tools Typical) > (Tools Atypical + Non-tools 

Typical + Non-tools Atypical)]. In line with the searchlight results of project 1.1, we found that typical grasping of tools 

compared to same action with non-tools resulted in significantly higher activation in the left temporal lobe, including 

STG and MTG (Fig. 7). In addition, other left hemisphere regions associated with typical tool grasping included left IFG, 

middle frontal gyrus (MFG), the PMv, motor cortex (MC), IPS and SPOC, aSMG, lateral occipital cortex, pMTG, posterior 
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insula and thalamus. Bilateral activity for typical tool grasping was also found in PMd, SMA, somatosensory cortex (S1), 

precuneus (preCun), STG, FG and early visual cortex (EVA). 

Fig. 7. Univariate results. Group RFX GLM contrast for grasping tools typically > grasping tools atypically [3*(Tools Typical) > (Tools 
Atypical + Non-tools Typical + Non-tools Atypical)]. BrainVoyager’s cluster-level statistical threshold estimator was used with 
voxelwise and clusterwise thresholds set to p < .001. 
 

Project 2.2: Behavioural investigation of how tool identity and subsequent use affect the grasping kinematics 

The aim of this behavioural study was to investigate how different tool identities and what we plan to do with them 

affects the temporal and spatial parameters of grasping movements. Eighteen right-handed healthy volunteers took 

part in the study [5 males, mean age (SD) = 21.5 (2.7)]. Similarly to our other experiments, we asked participants to 

grasp familiar 3D kitchen tools (whisk, ice-cream scoop and knife) in order to either move them, grasp-to-move (GTM), 

or to demonstrate their common use, grasp-to-use (GTU) in different blocks of trials (Fig.8). Importantly, we used tools 

with the same handles so that differences in kinematics could not be attributable to structural differences in handles 

across tools. In addition, for both GTM and GTU tasks we kept the first sequence of the movement identical (i.e., 

grasping the handle; Fig.8) and we analysed this portion of the movement only. Motion-tracking analysis was identical 

to project 1.2.  

We found main effects of tool [F(2,34) = 19.5, p < 0.001, ηp2 = .534] and task [F(1,17) = 8.0, p = 0.01, ηp2 = 

.320] on maximum grip aperture (MGA/PGA; Fig.9). Post-hoc tests (Bonferroni corrected) revealed that participants 

opened their hand wider for the whisk than the scoop (p = 0.02) and knife (p < 0.001) and also wider for the scoop 

than the knife (p = 0.003), despite always grasping the same handle. In addition, PGA was also larger for the GTU than 

the GTM task. Notably, the handles of the tools and the movement instruction was the same in the first sequence of 

the movement so these effects cannot be simply explained by structural differences of objects or biomechanical 

requirements. Instead these findings suggest that action goal modulates specific parameters of the movement 

associated with the next step of the actions, consistent with previous findings (Valyear et al., 2011). Greater peak grip 

apertures for the GTU versus GTM task can be understood as differences in the relative kinetic requirements of the 

thumb and index finger following grasping. 

 
 
 



9 
 

Figure 8. Example trial timing for GTM and GTU. Participants sat in front of a table with their head on chin-rest to restrict head 
movements and PLATO googles (Translucent Technologies, Toronto, Canada) were used to control vision. Participants started 
with the right index finger and thumb closed on a start position with no vision available (baseline). At the beginning of the trial, 
participants viewed the tool for 2s (preview) and after a random delay a beep played to cue them to start the movement. The 
participant reached out and grasped the tool on the platform and placed it on another platform in front of the start position. 
The top red line represents the state of the PLATO goggles and whether or not vision was available to the participants. The blue 
line indicates hand position: full line indicates no movement and dashed line indicates movement. RT = Reaction Times, MT = 
Movement Time, IP: initial platform, FP: final platform. 

Fig. 9. Behavioural motion-tracking results. Mean PGA by task and tool. Error bars represent standard errors. Please note 
participants are always grasping the same sized handle. 

 

CONCLUSIONS & FUTURE DIRECTIONS 

In sum, with the generous support from the BIAL Foundation, we have carried out a detailed investigation of the 

underlying neural codes involved in real hand actions with 3D tools using both neuroimaging and motion-tracking 

methods. We demonstrated that dorsal and ventral visual regions that selectively respond to pictures of hands (but 

not pictures of tools, objects or bodies) contain representations of how to appropriately grasp a real 3D tools. 

Moreover, we found that functional tool use is also represented in parts of the temporal lobe that have never been 

associated with sensorimotor processing. These new data, suggest that temporal areas are involved in semantic 

processing of objects and may form a semantic hub in which different attributes (e.g., shape and action) are processed 

by a common set of neurons (Patterson, Nestor & Rogers, 2007). In other words, these temporal regions contain 

information about learned semantic associations specifically about tools (i.e., how to correctly use them). 
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Interestingly, these representations are evoked even when they are irrelevant to task performance in naïve 

participants (project 1.1 and 2.1). Thus our findings also fit well with the Gibson’s (1979) affordance model which 

argued that an animal’s perception of the environment includes a description of how the environment and the objects 

within it influence the animal’s potential for action. We are excited to find out whether these representations change 

according to the movement phase (viewing, action planning and execution) and MVPA of project 2.1’s data should be 

very informative for answering this question. Our behavioural experiments (projects 1.2 and 2.2) converge in 

demonstrating that, even when structural differences between objects are carefully controlled and biomechanics 

matched, grip aperture is affected by object category, final action goals and anticipated end-states. These findings 

somewhat contradict Milner and Goodale’s (2006) model by suggesting that sensorimotor control is not independent 

of shape processing.  

The research was presented in numerous national and international conferences, disseminated to the general 

public, received several prestigious awards, resulted in the advanced training of 8 students and so far two abstracts 

publications (Knights et al., 2018; Tonin et al., 2018). The manuscript regarding projects 1.1 and 1.2 is currently being 

finalized for submission to PNAS in January 2019. Project 2.1 is currently being analysed and project 2.2 will be 

submitted to Psychological Science in February 2019. We have submitted a further funding application to the BIAL 

Foundation to fund the next step of the research which will involve re-analysing the present fMRI datasets with 

effective connectivity analysis. Our future goal is to investigate the interconnectivity and causal relations between and 

within perceptual and sensorimotor ‘tool network’ regions for tool perception and use. 

REFERENCES 
Ambrose, S.H. (2001). Palaeolithic technology and human evolution. Science, 291: 1748-1753. 
Birn, R.M., Cox, R.W., & Bandettini, P.A. (2004). Experimental designs and processing strategies for fMRI studies involving overt 

verbal responses. Neuroimage, 23: 1046-1058. 
Bracci, S. & Op de Beeck, H. (2016). Dissociations and associations between shape and category representations in the two visual 

pathways. The Journal of Neuroscience, 36: 432-444. 
Gallivan, J., McClean, A., Smith, F.W., & Culham, J.C. (2011). Decoding effector-dependent and effector-independent movement 

intentions from human parieto-frontal brain activity. Journal of Neuroscience, 31: 17149-17168. 
Gallivan, J.P., McLean, D.A., Valyear, K.F., & Culham, J.C. (2013) Decoding the neural mechanisms of human tool use. eLife, 

2:e00425. 
Gibson, J. (1979). The ecological approach to visual perception. Houghton Mifflin: Michigan 
Goldenberg, G. & Iriki, A. (2007). From sticks to coffee-maker: mastery of tools and technology by human and non-human 

primates. Cortex, 43: 285-288. 
Knights, E., Smith, F., Mansfield, C., Tonin, D., Weaver, H., Green, J., Saada J. & Rossit, S. (2018). Decoding typical (but not atypical) 

actions with real tools from both dorsal and ventral visual stream regions. Journal of Vision, 18:180.  
Lewis, J.W. (2006). Cortical networks related to human use of tools. Neuroscientist, 12: 211-231. 
Milner, A. D. & Goodale, M. A. (2006). The visual brain in action (2nd ed.). Oxford: Oxford University Press  
Patterson, K., Nestor, P.J. & Rogers, T.T. (2007). Where do you know what you know? The representation of semantic knowledge 

in the human brain. Nature, 8: 976-988. 
Rossit S., McAdam T., Mclean D.A., Goodale, M.A., & Culham, J.C. (2013). fMRI reveals a lower visual field preference for hand 

actions in human superior-parietal occipital cortex (SPOC) and precuneus. Cortex, 50, 2525-2541. 
Rossit, S., Malhotra, P., Muir, K., Duncan, G., Reeves, I. Duncan, G. & Harvey, M. (2011). The role of right temporal lobe structures 

in off-line action: evidence from lesion-behavior mapping in stroke patients. Cerebral Cortex, 21, 2751-2761. 
Sakuraba, S., Sakai, S., Yamanaka, M, Yokosawa, K. & Hirayama, K. (2012). Does the human dorsal stream really process the 

category for tools? The Journal of Cognitive Neuroscience, 32: 3949-3953. 
Smith, F.W., & Goodale, M.A. (2015). Decoding visual object categories in early somatosensory cortex. Cerebral Cortex, 25: 1023-

31 
Tonin, D., Pawling, R., Leyden, K., Smith, F. & Rossit, S. (2018). Tool identity and subsequent use affects the kinematics of grasping 

movements. Journal of Vision, 18:1265.  
Valyear, K.F., Chapman, C.S., Gallivan, J.P., Mark, R.S., and Culham, J.C. (2011). To use or to move: goal-set modulates priming 

when grasping real tools. Experimental Brain Research, 212: 125-142. 


