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Introduction 
Motor skills, including performing basic hand grasping actions, are mundane tasks that healthy individuals with 

all sensory modalities can perform quickly, efficiently and without much cognitive effort. For individuals with 

limb amputations, performing such simple tasks can be difficult if not impossible, even with the use of a 

prosthetic device. The state of the art of limb prosthetics now provides additional dexterity in that it can listen 

to the electrical muscle signals and utilize a calibrated decoder to translate the intended motion of the individual 

into a robotically controlled motion by the prosthetic device. 

Additionally, recent work has shown that the introduction of sensory feedback to a phantom hand, via targeted 

transcutaneous electrical nerve stimulation (tTENS) at location of the remaining limb, can provide improved 

decoding accuracy of the phantom hand movements both simultaneously with the feedback as well as during 

movements right after the feedback had been applied [9].   

 

Figure 1: Phantom limb perception and control. Upper 

limb amputees often possess perception of their phantom 

limb. Voluntary movements of the phantom limb can be 

captured and decoded from electromyography (EMG) 

signals in the residual limb. Targeted transcutaneous 

electrical nerve stimulation has been shown to improve 

perception of the phantom limb and enable better control 

of prosthesis.  

 

To further understand the cognitive load and brain reorganization underlying this improved decoding accuracy 

performance and the effect of applied sensory feedback for phantom limb motor tasks, we performed an EEG 

investigation on the same individual while performing motor tasks with a phantom hand prior, during and after 

tTENS feedback was given. 

In general, for tasks involving a high cognitive workload, it has been shown that the brain dynamically 

reorganizes into a flexible architecture in an efficient manner [1-2]. Even the ability to adapt and learn a new 

task has been correlated to increased modular flexibility [1]. Our hypothesis is that, in the case of amputees, to 

perform a motor task without somatosensory and proprioceptor feedback, the brain areas will have higher 

flexible organization as they must rely more on other sensory inputs outside the affected sensorimotor region, 

including visual and auditory, to successfully complete the task. Thus, we hypothesized that the application of 

sensory feedback would see a decrease in the flexibility of the brain’s modular architecture, implying the 

restoration of normal function to designated brain areas.  

Additionally, regarding the ability to effectively complete a motor task, the autonomous functioning and 

interaction between the visual and sensorimotor areas at the mesoscale level is of particular importance [3]. In 

this analysis we will look at various metrics relating to the dynamic modular reorganization of the brain when 

performing phantom hand movements with different TENS conditions. 



Related Work 

Community Detection in Brain Network Analysis 
The application of graph-based network analysis techniques to brain data is a relatively new endeavor in the 

neuroscience field. It has most commonly been utilized in examining resting-state functional MRI of various 

healthy and diseased populations (Wang, 2010).  

More recent studies have also applied more advanced graphical analysis of these functional connectivity 

networks including community detection algorithms [3]. Such analyses provide novel insights in understanding 

the underlying relationships between different regions of the brain in accomplishing certain tasks from a 

temporal perspective by analyzing metrics like recruitment, integration, flexibility and promiscuity within and 

across pre-defined cognitive systems. In particular in [3], cognitive systems were assigned a role based on 

whether their recruitment and integration were less than, equal to, or greater than an appropriate null model. 

Systems were classified as ephemeral (less than null), unstable (equal to null), or stable (greater than null) in 

terms of recruitment and as a loner (less than null), connector (similar to null), or integrator (greater than null) 

in terms of integration. In general, it was found that cognitive systems had higher recruitment coefficients at 

rest and lower integration coefficients, signifying a tendency for cognitive systems to become more temporally 

dissociated during the rest state. This type of analysis and assignments to cognitive system provide a useful 

framework for understanding the unique roles of the cognitive systems in enabling behavioral adaptability at a 

mesoscale level. It is also important for understanding the relationship between cognitive network 

reconfiguration and cognitive effort, individual variation in cognitive performance, and fatigue.  

In similar modularity studies done in fMRI data in learning simple motor tasks, results indicate that the overall 

brain module flexibility metric can predict the relative amount of learning across training sessions [1]. This work 

also developed a general framework for the statistical validation of dynamic modular architecture, and 

demonstrated evidence of adaptive modular organization in global brain activity during learning,  

Sensory Feedback in Phantom Limb Perception 
In the previous study mentioned above, decoding accuracy of phantom hand movements by EMG was shown to 

be improved by targeted TENS.  Results in this study show improvements in the amputees’ ability to both 

perceive and move the phantom hand, which leads to improved hand and finger movement decoding from 

myoelectric signals. In an extended study with one amputee, it was also found that long-term sensory mapping 

and prosthesis control performance remains steady over a period of 2 years and 1 year, respectively, but 

temporary sensory feedback can provide significant improvement in performance. This work demonstrates the 

benefit of introducing TENS for strengthening the internal sensorimotor control loop to not only improve 

amputee’s perception of the phantom limb but also potential control of a limb prosthetic.  

Data collection  
A single 30-year old male bilateral upper limb amputee participated in the study. The subject was seated in front 

of a computer screen that provided visual cues and was awake and alert throughout the duration of the 

experiment. The subject performed movements with his left phantom hand and sensory feedback was provided 

to his left phantom hand through transcutaneous electrical nerve stimulation (TENS) on his left residual limb.  

The experimental procedure included phantom hand movements with and without sensory feedback via 

transcutaneous electrical nerve stimulation (TENS). Previous to this experiment, the surface area of the residual 

limb had been mapped with TENS to corresponding regions of the phantom hand. Initially, baseline data of EEG 



activity was recorded. This spanned 2 trials of approximately 1 min of EEG activity with no visual or sensory 

stimuli presented to the subject.  

Next, we presented 3 different movement cues on the computer screen to the amputee. This movement cue 

were: Grip_6 = tripod grip, Grip_7 -= index point and Grip_9 = Wrist Flexion (Fig.). From the amputee’s 

perspective these grips were chosen because each one requires focus on movement of different regions of the 

phantom hand (tripod – moves the thumb and index finger; index point – moves the pinky and ulnar side of the 

phantom hang; wrist flexion – moves the wrist of the phantom hand). Each movement was separated into 

different trials and 10 repetitions of each movement were presented for 2 seconds at a time. Initially, the 

movements were made by the amputee without receiving any sensory feedback.  

Next, the subject received TENS on the residual limb to activate different regions of the phantom hand, as 

previously mapped. The subject did not attempt to move his phantom hand during this portion of the 

experiment. The subject perceived stimulation as being only in the phantom hand in the activated region. We 

independently stimulated the thumb, pinky, and wrist regions of the phantom hand. Each region of stimulation 

was separated into separate trials. Each stimulation was presented for 2 seconds at a time and repeated 10 

times per trail. We performed 2 trials for each stimulation site, for a total of 20 stimulation presentations to each 

site.  

Next, the subject received sensory feedback through TENS while also receiving visual cues for the different grips. 

Each grip and stimulation was presented for 2 seconds at a time. The index and thumb were stimulated during 

the tripod grip (Grip_6), the pinky and ulnar side were stimulated during the index point (Grip_7), and the wrist 

was stimulated during the wrist flexion (Grip_9). Each grip and stimulation combo was separated so that 10 

repetitions of each condition were presented for each trail. We performed 2 trials for each grip and stimulation, 

for a total of 20 grip and stimulation presentations to each site.  

Finally, the subject then received visual movement cues once more, this time without any sensory feedback. 

Each grip was presented for 2 seconds and the subject made the movement with his phantom hand. Each grip 

was presented 10 times in every trial. We performed 2 trials for each grip, for a total of 20 repetitions each grip.  

 

Figure 2: A, Amputee subject. B, Experimental setup. The visual movement cue was presented to the subject who 

then mimicked the movement with his left phantom hand. Transcutaneous electrical nerve stimulation (TENS) 

was used on his left residual limb to provide sensory feedback to his left phantom hand. C, The movements were 

tripod, index point and wrist flexion, which were mapped to sensory feedback in the thumb/index, pinky/ulnar, 

and wrist regions of his phantom hand, respectively 



Methods 

Preprocessing of EEG Data 
The EEG data was collected through 64 channels at 500 Hz using a SynAMp2 system (Compumedics Neuroscan). 

The data was filtered with a highpass filter, bandpass filter for 60Hz and into traditional EEG data frequency 

bands. For this study we focus on Beta band (13-30Hz) as suppression and activation of mechanisms in the 

sensorimotor system have consistently been associated with changes in oscillations in this region [7]. Next, the 

Independent Component Analysis was performed on each trial using EEGLab in Matlab and components 

associated with muscle artifacts, blink artifacts, faulty electrode connections and noise were removed. Next the 

data was source localized to our preset 80 regions of interests using sLORETA [8]. These 80 regions were chosen 

from the 90 regions of AAL atlas, eliminating 10 deep brain regions for which surface EEG data would be 

insufficient. Of the 80 regions chosen, 62 were assigned a traditional cognitive system function as in Appendix 

1, summarized in Table 1: 

Cognitive System Number of Nodes (ROIs) Assigned 

Default Mode Network (DMN) 14 

Cognitive Control/Executive Network (CCN) 2 

Salience Network (SN) 4 

Auditory Network (AUN) 8 

Visual Network (VN) 14 

SomatoMotor Network (SMN) 20 

Table 1: Traditional Cognitive System Assignments 

Construction of Multilayer Functional Connectivity Networks 
The output of the preprocessing is time series at each node. Next, a time series of functional connectivity 

matrixes are created for each trial. Of each two second trial, time windows of 200ms were extracted, overlapping 

by 50ms. For each time window, the weighted Phase Lag Index (wPLI) was used to create a functional 

connectivity matrix, in which each entry represents the functional connectivity between its two index nodes. 

Each trial was thus represented as an 80x80x12 network in which each time layer was a fully connected weighted 

network and each node connected to itself with unity weight across timesteps.  

Community Detection Analysis 
Treating each timestep layer as a weighted fully connected network, the Louvain algorithm was run to determine 

community formation between nodes across all timesteps in a trial. In the Louvain algorithm, the value of 

modularity is optimized to group the nodes into communities.  

Modularity is a value between -1 and 1 that measure the density of links inside communities compared to links 

between communities, defined as: 

 

The Louvain algorithm iteratively utilizes two phases in order to maximize modularity. Initially, each node is 

assigned as its own community, and the change in modularity is calculated for removing node I from its own 

community and moving it into the community of each neighbor j of i. 



 

When this process is complete for all nodes, the second phase of the algorithm is to group all of the nodes in the 

same community and represent the community as a single node. Any edge weights between nodes of the same 

community are summed and represented as a self-edge. Similarly, edge weights between nodes in different 

community pairings are summed and represented as one single edge weight between the community nodes. 

This proves is repeated until there is no further changes between communities or increase in modularity.  

Metrics  
Some of the community network attributes considered are flexibility, recruitment, and integration. From the 

output of the Louvain algorithm for each condition trial we will have a time series of community assignments 

per node. From this, modular allegiance matrices can be created for each trial, in which each entry corresponds 

to the percentage of time in which the two index nodes were in the same community.  

Flexibility 

The flexibility of node is defined as the proportion of time windows in which the brain region changes its 

community allegiance, normalized over all possible changes (total number of time bins).  

Recruitment  

Recruitment refers to the probability that a pre-defined cognitive system’s nodes are to be found in communities 

with nodes from the same cognitive system. For a given cognitive system S, and modular allegiance matrix P, the 

recruitment coefficient of region i is given as: 

𝑅𝑖
𝑠 =

1

𝑛𝑠
ΣjPij 

Furthermore, the recruitment coefficient of the entire system can be taken by averaging the recruitment 

coefficients for all regions within a system S. 

Integration 

Integration refers to the probability that a pre-defined cognitive system’s nodes are to be in communities with 

nodes from other cognitive systems.  

𝐼𝑖
𝑠 =

1

𝑁 − 𝑛𝑠
ΣjPij 

Integration between specific pairings of cognitive systems can also be determined by computing the average 

integration coefficient between systems. The integration of a system S, to all other systems can also be 

determined by simply averaging the individual pair-wise integrations.  



 

 

Results and Discussions 
Each metric was calculated for each trial of each condition giving values for each node for 30 samples of each 

condition. Condition metrics were compared from condition 1 (movement without stimulation) to condition 3 

(movement with stimulation) and condition 4 (post-stimulation movement) using the student’s t-test with a p-

value of 0.05 and FDR correction. Nodes that did not pass this test were eliminated from analysis for the given 

metric.  

Metric Significant Nodes 

Flexibility 24   58   59   60  73 

Integration 49   51   59   75 

Recruitment 26   46    54   64  72   80  

Table 2: Summary of nodes with statistically significant differences in metrics across conditions. 

Null Model Comparison 
A null model was created by randomly permuting community assignments across each timestep for each trial 

for all conditions, and averaging metrics across all nodes, in a similar method to [3]. 

Metric Mean Standard Deviation 

Flexibility 0.691 0.013 

Integration 0.342 0.009 

Recruitment 0.340 0.010 

Table 3: Randomized null model metrics for data comparison. 

Flexibility  
For flexibility, the nodes that had statistically significant difference between prior, during and post stimulation 

movement conditions were 24 in the Default Mode Network, Node 58-60 corresponding to in the Somato-Motor 

Network and Node 73, unassigned to a classical cognitive system in the current analysis. (Figure 3) 

From previous literature, node 24 corresponding to the right medial superior frontal gyrus has been linked to 

self-awareness, in coordination with the action of the sensory system [9]. The trend of this region’s flexibility 

significantly reducing with movement during stimulation and then compromising during movement after 

stimulation supports the previous literature’s conclusions [1], that flexibility is a measure of cognitive effort – 

before stimulation flexibility is highest as the cognitive load is highest given the subject is attempting to make a 

phantom motor movement with lack of somatosensory feedback. The stimulation in the next condition 

introduces this feedback and significantly reduces this workload to significantly below the random null level. 

Following stimulation the flexibility again increases but not to the same level as the pre-stimulation movement 

level, indicating some cognitive load is present but the overall cognitive load to complete the task has reduced 

possibility a result of the prior stimulation. This indicates that this kind of stimulation might be “restoring” or at 

least reminding the brain of some somatosensory pathways that it may have learned to ignore since amputation, 

that aid in the completion of the phantom hand movement. Further work over different duration time scales 

would have to be done to further prove this.  

 



Nodes 58 and 60 of the Somato-Motor Network correspond to the right superior and inferior parietal.  The 

superior parietal lobe is thought to be involved with spatial orientation and to receive a great deal of visual input 

as well as sensory input form one’s hand [10]. Given that the targeted area of the stimulation in this study is for 

the left phantom hand, observing a change in flexibility in this region aligns with our hypothesis and previous 

findings. Node 59 corresponds to the left superior parietal gyrus. More neuroscience literature review or 

research on more subjects will have to be conducted to understand the changes in the flexibility in this region, 

and why the left superior parietal gyrus is linked to the changes. Our hypothesis is that these changes 

demonstrate the underlying changes of the brain re-learning how to utilize the newly provided sensory 

information in carrying out phantom hand movements. While previously this region was being underutilized 

perhaps with stimulation the brain is utilizing its information and learning how to perform the phantom hand 

movements with this newly provided sensory information. Post-stimulation still demonstrates a higher flexibility  

and could denote continued learning of the task. Given the particular subject in this study is a bilateral upper 

limb amputee, it is proposed that the somatosensory map around his hand region on both sides may be altered 

from a typical subject with both intact limbs and could explain the involvement of the left superior parietal lobe.  

Further work with more subjects and multiple sessions over durations of times will have to be done to confirm 

these explanations.  

    

Figure 3: Flexibility over movement conditions for statistically relevant nodes. Null model comparison window 

for 95% is show by upper and lower bounds. A) in DMN the right medial superior frontal gyrus significantly 

decreased in flexibility when stimulation was provided and only slightly increased when conducting the 

movement again after stimulation. This indicates a reduction in cognitive load in performing the phantom hand 

movement. B) Significant nodes correspond to the left and right hand areas of the somatosensory mapped 

areas of the brain.  

Integration 
For integration, nodes with significance included Node 75 in the Auditory Network, Node 59 in the SomatoMotor 

Network and Nodes 49 and 51 in the Visual Network. In all nodes of significance, we see a reduction of 

integration during stimulation movement and an increase to various levels for movement after stimulation, with 

none reaching the original integration level. (Figure 4) This trend generally depicts a more efficient operating 

state of the brain during stimulation and a slightly more efficient operating state after stimulation in alignment 

with the conclusions in [1] and [3]. In particular for nodes in the Auditory and Visual networks, this could indicate 

that with application of stimulation, while trying to conduct a phantom hand movement the brain is relying less 

on these auxiliary senses of sight and sound as it was previously, and replaces this reliance with the actual sense 

of touch for the region supplied by the stimulation. Interestingly, the node corresponding to the somatosensory 



region of the right hand in the Somato-Motor Network (Node 59) shows the same trend. More review and 

research will need to be conducted to confirm, but one possible explanation is that this is a mechanism of the 

mirror-neuron system [11].  

 

Figure 4: For all significant nodes of integration we see a big reduction from movement with no stimulation to 

movement during stimulation and a moderate value of integration for movement after stimulation. This is 

indicative of a more efficient operating state of the brain with lower modularity when stimulation is applied. 

(Nodes of a particular cognitive system are working less cross-functionally than previously.) 

Recruitment 
Recruitment nodes with significance included Nodes 72 and 80 in the the Auditory Network, nodes 26 and 64 in 

the Default Mode Network and Nodes 46 and 54 in the Visual Network. (Figure 5) Further literature review and 

research will need to be conducted to determine the downward trends in recruitment for these nodes. Notably, 

all of the nodes with significance across conditions are located in the right hemisphere of the brain. One possible 

explanation is that we are observing the restructuring of the brain while performing the phantom hand 

movement with the addition of stimulation as it learns how to best incorporate this new information. Carrying 

out additional trials over different durations may further reveal what the underlying mechanisms are and their 

permanence.  

 

Figure 5: Recruitment metrics reduced with stimulation and stayed reduced after stimulation for all but one 

node (Node 64). This may be indicative of modular reorganization during the learning process.  



 

 

Conclusion & Future Work 
There is evidence that the brain is undergoing modular reorganization when sensory feedback is applied to the 

residual limb when performing phantom hand movements. Likely, we are seeing the learning process as the 

brain restructures to incorporate this information and relies less on other stimuli, like sound and sight. From the 

flexibility and integration metrics there is strong indication the brain is reorganizing in a more efficient way, as 

integration and flexibility decrease indicating a lower cognitive load during and after stimulation. Further 

research with both more subjects (amputee and non-amputee) and experimenting over several sessions over a 

greater time scale (hours, days, weeks) will provide the additional insight needed to confirm these conclusions. 

Understanding the cortical mechanisms underlying the improved decoding accuracy of EMG signals in 

interpreting phantom hand movements can improve strategies for prosthetic limb control in the future, and 

along with the rapid development of novel touch-sensor technology can lead to amputee subjects having more 

ownership over their prosthetic limb and ultimately improve their quality of life. 

Outside of this application to amputees, the community detection analysis across overlapping time windows of 

EEG data has previously not been carried out for functional tasks in EEG. This study demonstrates the validity of 

the method when applied to EEG, and may in fact provide more information as the temporal resolution of EEG 

is far greater than that of fMRI for which this type of analysis has mostly been applied. Multilayer community 

detection analysis could provide valuable insight when applied to EEG data for many neurological conditions, 

including psychiatric disorders.  

Lastly, there is significant need for further research into null model comparison for functional connectivity 

studies that can randomly represent a network while maintaining biological structure and characteristics. As 

community detection analyses applied to brain imaging or EEG data is relatively novel, null model comparisons 

have varied greatly and the best method yet to be determined.  
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Appendix A: Cognitive System Assignments by Node  
Node 
Assigment 

AAL Node 
Assignment 

Name System 

1 1 'Precentral_L' SMN 

2 2 'Precentral_R' SMN 

3 3 'Frontal_Sup_L' CCN 

4 4 'Frontal_Sup_R' CCN 

5 5 'Frontal_Sup_Orb_L' 
 

6 6 'Frontal_Sup_Orb_R' 
 

7 7 'Frontal_Mid_L' SMN 

8 8 'Frontal_Mid_R' SMN 

9 9 'Frontal_Mid_Orb_L' 
 

10 10 'Frontal_Mid_Orb_R' 
 

11 11 'Frontal_Inf_Oper_L' SMN 

12 12 'Frontal_Inf_Oper_R' SMN 

13 13 'Frontal_Inf_Tri_L' 
 

14 14 'Frontal_Inf_Tri_R' 
 

15 15 'Frontal_Inf_Orb_L' 
 

16 16 'Frontal_Inf_Orb_R' 
 

17 17 'Rolandic_Oper_L' SMN 

18 18 'Rolandic_Oper_R' SMN 

19 19 'Supp_Motor_Area_L' SMN 

21 20 'Supp_Motor_Area_R' SMN 

21 21 'Olfactory_L' 
 

22 22 'Olfactory_R' 
 

23 23 'Frontal_Sup_Medial_L' DMN 

24 24 'Frontal_Sup_Medial_R' DMN 

25 25 'Frontal_Med_Orb_L' DMN 

26 26 'Frontal_Med_Orb_R' DMN 

27 27 'Rectus_L' 
 

28 28 'Rectus_R' 
 

29 29 'Insula_L' SN 

30 30 'Insula_R' SN 



31 31 'Cingulum_Ant_L' SN 

32 32 'Cingulum_Ant_R' SN 

33 33 'Cingulum_Mid_L' DMN 

34 34 'Cingulum_Mid_R' DMN 

35 35 'Cingulum_Post_L' DMN 

36 36 'Cingulum_Post_R' DMN 

37 39 'ParaHippocampal_L' DMN 

38 40 'ParaHippocampal_R' DMN 

39 41 'Amygdala_L' 
 

40 42 'Amygdala_R' 
 

41 43 'Calcarine_L' VN 

42 44 'Calcarine_R' VN 

43 45 'Cuneus_L' VN 

44 46 'Cuneus_R' VN 

45 47 'Lingual_L' VN 

46 48 'Lingual_R' VN 

47 49 'Occipital_Sup_L' VN 

48 50 'Occipital_Sup_R' VN 

49 51 'Occipital_Mid_L' VN 

50 52 'Occipital_Mid_R' VN 

51 53 'Occipital_Inf_L' VN 

52 54 'Occipital_Inf_R' VN 

53 55 'Fusiform_L' VN 

54 56 'Fusiform_R' VN 

55 57 'Postcentral_L' SMN 

56 58 'Postcentral_R' SMN 

57 59 'Parietal_Sup_L' SMN 

58 60 'Parietal_Sup_R' SMN 

59 61 'Parietal_Inf_L' SMN 

60 62 'Parietal_Inf_R' SMN 

61 63 'SupraMarginal_L' SMN 

62 64 'SupraMarginal_R' SMN 

63 65 'Angular_L' DMN 

64 66 'Angular_R' DMN 

65 67 'Precuneus_L' DMN 

66 68 'Precuneus_R' DMN 



67 69 'Paracentral_Lobule_L' SMN 

68 70 'Paracentral_Lobule_R' SMN 

69 79 Heschl_L' AUN 

70 80 Heschl_R' AUN 

71 81 'Temporal_Sup_L' AUN 

72 82 'Temporal_Sup_R' AUN 

73 83 'Temporal_Pole_Sup_L' 
 

74 84 'Temporal_Pole_Sup_R' 
 

75 85 'Temporal_Mid_L' AUN 

76 86 'Temporal_Mid_R' AUN 

77 87 'Temporal_Pole_Mid_L' 
 

78 88 'Temporal_Pole_Mid_R' 
 

79 89 'Temporal_Inf_L' AUN 

80 90 'Temporal_Inf_R' AUN 

 


