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Abstract  12 

Traditional clinical approaches diagnose disorders of the nervous system using standardized 13 

observational criteria. Although aiming for homogeneity of symptoms, this method often results in 14 

highly heterogeneous disorders. A standing question thus is how to automatically stratify a given 15 

random cohort of the population, such that treatment can be better tailored to each cluster’s 16 

symptoms, and severity of any given group forecasted to provide neuroprotective therapies. In this 17 

work we introduce new methods to automatically stratify a random cohort of the population 18 

composed of healthy controls of different ages and patients with different disorders of the nervous 19 

systems. Using a simple walking task and measuring micro-fluctuations in their biorhythmic 20 

motions, we show that gait is compromised in healthy aging and that in young FMR1 premutation 21 

carriers, gait forecasts, even by 15 years ahead, symptoms resembling those of elderly with 22 

Parkinson’s disease. Our methods combine non-linear causal network connectivity analyses in the 23 

temporal and frequency domains with stochastic mapping, defining a new type of internal motor 24 

timings amenable to create personalized clinical interventions. We frame our results using the 25 

principle of reafference and operationalize them using causal prediction, thus renovating the theory 26 

of internal models for the study of neuromotor control. 27 

Keywords: Granger causality; stochastic analysis; gait; network connectivity; Parkinson’s disease; 28 

healthy aging; FMR1 premutation carriers 29 
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Introduction 33 

Patients with Fragile-X Tremor Ataxia syndrome (FXTAS), patients with Parkinson’s Disease 34 

(PPD) and patients in the broad spectrum of Autism (ASD) my all have motor issues detectable and 35 

tractable through gait patterns at different stages of their lifespan 1-10. Generally, these disorders share 36 

some common genes 11-13, but their phenotypic features differ depending on the person’s age and on 37 

the evolution of various epigenetic factors 1,14,15. While the autistic patient may arrive at the diagnosis 38 

via Psychiatric/Psychological measures, devoid of motor criteria, it is highly probable that the PPD 39 

will do so through motor criteria from a movement disorders specialist in Neurology. In contrast, the 40 

FXTAS patient may receive an ASD diagnosis during childhood, when differences in communication 41 

and social interactions gain priority over motor issues 16,17 but then, later in life, as motor issues are 42 

exacerbated, they may gain the diagnosis of PPD. FMR1-premutation carriers may be considered 43 

neurotypical until later in adult life, when tremor, ataxia, and symptoms of parkinsonism become 44 

highly visible 18,19. Indeed, the FMR1 CGG repeat length predicts motor dysfunction 20 of the type that 45 

PPD have much later in life.  46 

We know that motor activity reveals that aging with Autism greatly departs from typical aging 47 

21 despite whether the person is or is not on psychotropic medications 22. We are also aware that 48 

parkinsonism, typically associated with human aging 3,23, is prevalent in Autistic adults 24. Indeed, 49 

the rate of parkinsonism in the general population aged 65–70 has been estimated at 0.9 % 23, 50 

compared to 20 % in ASD aged after 39 24, when excess involuntary motions at rest have been 51 

quantified 21,25.  52 

Parkinsonism in FMR1-premutation carriers may be indistinguishable from PD 26. And Fragile-53 

X syndrome (FXS) has high penetrance in Autism 27 with genetic overlap across Parkinson, Ataxias, 54 

ASD and FXTAS 11. This points to a common pool of genes affecting both neurodevelopment and 55 

neurodegeneration, perhaps providing a new path to pre-emptively offer neuroprotective motor-56 

sensory-based accommodations in early neurodevelopment gone astray 11. Given the high 57 

heterogeneity in their manifestations and the asynchronous nature of their developing severities, 58 

how could we automatically stratify a random draw of the population containing a mixture of these 59 

disorders? 60 

Gait studies integrated with wearable sensors in natural activities have been very useful to 61 

ascertain various aspects of these phenotypes 19,28-30, but population statistics employed in these 62 

analyses are not personalized. They primarily focus on descriptive summary statistics from a priori 63 

assumed distributions, a procedure that incurs in loss of gross data 31. Further, owing to anatomical 64 

disparities confounding gait parameters, we need scaling methods that standardize outcomes and 65 

provide proper similarity metrics to compare across different subtypes of a given disorder. There is 66 

room to examine individual motor fluctuations within the context of dynamic network analyses and 67 

causal prediction 32. Here we integrate causal and non-causal network connectivity analytics to 68 

examine self-emergent patterns from standardized micro-movement spikes derived from gait-69 

kinematics. We discuss our results within a new unifying framework to study disorders of the 70 

nervous systems across different diagnoses of disparate clinical criteria and yet, converging 71 

functional phenotypes. 72 

Results 73 

Granger causality (GC) is a mathematical concept that allows us to quantify the causal effect of 74 

a stochastic process A on a second stochastic process B. It compares the prediction error of a dynamic 75 

model that predicts the evolution of B without the presence of A with the error of a prediction model 76 

that includes both A and B. If the inclusion of A improves the prediction, we say that A causally 77 

predicts B (A➔B) and we can assess the degree to which this is determined by the method of choice. 78 

Our approach to modeling and calculating the Granger causality assumes models with a single 79 

internal delay. This allows us to find, within a particular range, the internal delay that maximizes the 80 

causality from A to B. To implement our methods using time series data from a grid of 23 sensors 81 

collecting bodily orientations as the person walks, we first extract the angular speed time series 82 

(rad/s) over the span of 3-min walks. We then, build a data type that we have created the micro-83 
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movements spikes (MMS 33) which extracts the moment-to-moment fluctuations in the signal’s 84 

amplitude provided by the peaks, and the fluctuations in inter-peak interval timings. This data 85 

derived from the sensors is unitless as it is standardized to characterize the dynamic behavior of 86 

motion by scaling out anatomical differences. This standardization of the data also enables us to 87 

compare the stochastic signatures of these participants’ motions across a random draw of the 88 

population, while considering different ages and different clinical genotypes and phenotypes. As we 89 

keep the indexes into the original physical unit ranges, we can further estimate cross-population 90 

scales and boundaries for each parameter of interest. 91 

Upon standardization, we apply our technique between each directed pair of MMS time series 92 

across all 23 nodes corresponding to different joints across the full body. The maximum outwards 93 

GC of each node towards the rest of the body for the average GC-directed network of each group 94 

revealed marked differences from group to group. Furthermore, the average Optimal Lag network 95 

of maximum lags from a node to the rest of the body, assuming that the MMS series of that node, is 96 

the causal stochastic process, also revealed fundamental differences on timing across the different 97 

ages and nervous systems’ disorders. We detailed them below: 98 

Granger-Causal Networks Reveal Age-Dependent Gait Differences in Typical Controls 99 

As age increases in healthy participants, we see fundamental differences emerge in the patterns 100 

of GC prediction between their upper and lower body. The relative causal connectivity between 101 

upper to lower body is higher in elderly participants than in young controls. This can be appreciated 102 

in Figure 1A using an anthropomorphic interconnected network representation of the full body using 103 

the 23 nodes. The size of the node is proportional to the GC out degree value of that node as it 104 

connects to all other nodes. Furthermore, elderly control participants have in general lower optimal 105 

lag times of the lower extremities (p=0.0293, t-test) suggesting an overall slowdown in information 106 

transmission and feedback between upper and lower extremities. Often, patterns such as 107 

bradykinesia and loss of gait control in pathologies of the nervous system are shown. Yet, here we 108 

observe them as a part of the natural aging process in this cross-sectional cohort of healthy controls. 109 

We use a colormap representation to indicate the lag values in Figure 1A, whereas in Figure 1B, we 110 

provide the empirical frequency histograms of the interpeak interval timings of the MMS. The 111 

corresponding physical times expressed in seconds distribute according to the continuous Gamma 112 

family of probability distributions, optimally fit to the empirical data, in a maximum likelihood 113 

estimation (MLE) sense. These patterns are depicted for the healthy controls in Figure 1B (top panels.) 114 

FMR1-Carriers are Different from Controls of Comparable Age and from PPD 115 

Premutation carriers of the FMR1 gene show a significant decrease in GC connectivity across the 116 

body in relation to the young controls of comparable age (p=0.0061; t-test) This is depicted in Figure 117 

1A along with fundamental differences in the patterns of optimal lags, which are abnormally lower 118 

than controls (p=2.7160e-04; t-test). This reduction in optimal lag values in the premutation carriers is 119 

accompanied by a reduction in their timing variability that resembles (and perhaps forecasts) the 120 

type of reduction in variability observed in the PPD. The latter shows a significant reduction in GC 121 

across the body relative to the elderly controls (p=0.0021; t-test). This is particularly the case in the 122 

torso, with lower lags in the lower body, when we compare them to the elderly controls. Figure 1C 123 

summarizes the statistics of the timing. This parameter space reveals healthy patterns of timing 124 

variability in the controls vs. atypically lower variability patterns in the premutation carriers and the 125 

PPD. 126 
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 127 

Figure 1: GC Optimal Lag Maps and timing information. Anthropomorphic network representation 128 

of human walking patterns. The nodes’ size is proportional to the number of outgoing links connected 129 

to the other nodes in the network (out degree) of the average GC network. The color of the nodes is 130 

the maximum optimal lag response of a node with the rest of the body for the average Lag Response 131 

network. A unit of one lag refers to the distance in time between two peaks. The actual physical time 132 

between the two peaks can vary. The frequency histograms depict the distribution of the inter-peak 133 

timings for each group. The empirical distributions are well fitted by the gamma family of 134 

distributions. For the young controls, the average inter-peak timing is 0.1129 seconds with a std of 135 

0.0780. For the elderly controls, 0.1238 with a std of 0.0781. For the FMR1 carriers, 0.0993 with a std of 136 

0.0705. For the PPDs, 0.1122 with a std of 0.0719. 137 

Prevelance of causal feedback loops is much higher in controls groups 138 

An important concept in the theory of neuromotor control, first introduced by von Holst and 139 

Mittelstaedt in 1950, is known as the principle of reafference 34. Every time a motor movement is to 140 

be initiated, a motor signal is sent to the periphery to perform a certain movement through the 141 

efferent nerves, which is called efference. Similarly, the sensory input coming from the periphery 142 

towards the Central Nervous System (CNS) is called afference. The afference consists of two 143 

components. The first component is called exo-afference and is the afferent input generated from the 144 

environment. The second component is called endo-afference, which is the sensory input self-145 

generated from the body’s own actions. We discovered that during complex actions, the endo-146 

afference is separable into intended segments (under voluntary control), and incidental segments 147 

(occurring spontaneously and largely beneath awareness 35.) Because of its internal origins and its 148 

relation to movements, the latter is known as kinesthetic reafference, though it also includes pain and 149 

temperature afference from the corresponding fibers at the periphery. According to the principle of 150 

reafference, every time a movement is initiated by sending information to the motor system, a copy 151 

of the signal is created, called the efferent copy or corollary discharge, and is sent to the CNS to inform 152 

of the impending movement. This enables the CNS to distinguish sensory signals stemming from 153 

external environmental factors, from sensory signals coming from the body’s own actions. The 154 

efference copy is provided as input to a forward internal model to predict the sensory consequences 155 

of the motor action to be initiated. Comparing the predicted movement with the actual movement is 156 

precisely what allows the CNS to recognize its own actions and at a higher cognitive level, form a 157 

sense of self. In the internal models of neuromotor control, the intended consequences from voluntary 158 

acts can be evaluated using the principle of reafference 36,37. A non-trivial extension of this idea is to 159 

include, in addition to consequences from voluntary actions, the unintended consequences from 160 
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those incidental actions that occur spontaneously, without instructions or precise targets. This idea 161 

has been proposed and investigated by our group, to define different levels of volition 35,38-40, and 162 

proposed as a fundamental ingredient of the more general concept of motor agency.  163 

The principle of reafference has been a source of inspiration for decades in biology, cognitive 164 

science, vision, neuromotor control and robotics, and attempts to model it fall usually within the 165 

realm of control theory and dynamical systems 41-44. Our approach to operationalize this principle 166 

does not assume a particular deterministic feedforward model. It rather assumes stochastic dynamic 167 

models for each body node and for pairs of body nodes. If the principle of reafference implies the 168 

presence of feedback loops between the CNS and the periphery, the fact that information is carried 169 

along efferent and afferent pathways and processed in various organs of the CNS (e.g. the cerebellum 170 

36) implies that it is not an instantaneous process, but it is characterized by some internal timing. In 171 

fact, timing is important to accurately predict the consequences of one’s actions, coordinating such 172 

actions in space and time. Timing plays a central role in agency, leading to a sense of action ownership 173 

and self-awareness. Hence, the causal analytics, being sensitive to the choice of timing of the model, 174 

can be used to estimate the actual motor timings in the nervous system.   175 

But how exactly can we detect the presence or not of a feedback loop between two nodes? Once 176 

again, the answer can be found in one of Granger’s definitions in his original paper 45. Following the 177 

formal definition of causality, he proceeds to define feedback. According to the definition, if A and B 178 

are two stochastic processes, and A causes B in the Granger sense, but also B causes A in the Granger 179 

sense, i.e., causality occurs in both directions, then that implies the presence of a feedback loop 180 

between the two processes. Then, simply checking for each undirected pair of body nodes, we can 181 

check whether the causal connectivity graph that we derived earlier exhibits causality in both 182 

directions. Then, we can determine whether there is a feedback loop between the nodes, within the 183 

accuracy of our model and the choice of timing.  184 

 185 

Figure 2: Feedback loops differ across groups. For each group, the figures show the percentage of 186 

subjects within the group for whom a feedback loop was detected between each pair of body nodes. 187 

Addressing Granger’s notion of feedback (up to our limited assumption of an autoregressive 188 

model explained in the Materials and Methods Figure 14) provides the results depicted in Figure 2. 189 

Once again, the healthy controls show (cross sectionally) the effect of natural aging on the feedback 190 

patterns that we take pairwise across these 23 nodes of the body. Consistent with the Figure 1A 191 

summarizing the group patterns (in one direction A➔B), we see the patterns of feedback loops across 192 

each group, detected when including B➔A and obtaining GC in both directions. Young healthy 193 

controls have a more distributed pattern across the body, in contrast to elderly controls, who show a 194 
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diminished pattern in the lower extremities accompanied by an abnormally higher feedback-loop 195 

pattern across the upper extremities, perhaps compensating for their lacking in the lower extremities. 196 

This decrease in feedback loops generalizes across all bodily nodes in PPD, but interestingly, the 197 

decrease is even more evident in the FMR1 premutation carriers, closer in age to the healthy young 198 

controls. At such a young age compared to the PPD, these patterns in the FMR1 premutation carriers 199 

forecast trouble on the horizon, of the type that elderly PPD eventually show. 200 

Identification of Different Groups’ Subtypes 201 

One of the current challenges in data-driven analyses is to automatically identify self-emerging 202 

subtypes of a disorder on a spectrum, as patterns stratify to form clusters of data points across a given 203 

scatter. We here address this automatic stratification of a random draw of the population composed 204 

of different types of patients and ages using various parameter spaces derived from the stochastic 205 

patterns of the gross data that is often thrown away or smoothed out through grand averaging. 206 

For each participant, we calculated the trajectory of the Center of Mass of the lower body in 3D 207 

space and we extracted the MMS series from the Euclidean norm of the position time series. Upon 208 

obtaining the standardized (scaled) speed amplitudes, we obtained the peaks and calculated the 209 

empirical distributions of the inter-peak-interval timings of these MMS series. We noted the presence 210 

of multiple modes in the frequency histograms and performed the Hartigan Dip test of unimodality 211 

46. We performed this statistical test both on the patterns from each participant separately and pooling 212 

the data across participants for each group. For the latter, we did so after concatenating the MMS 213 

series data of all subjects within a group.  The Hartigan Dip Unimodality test per group showed that 214 

for all groups the total empirical distributions fail the unimodality test. All groups distributed 215 

bimodally, yet how the modes grouped had specific patterns particular to each group. This is 216 

depicted in Figure 3. 217 

 218 

 219 

Figure 3: Non-unimodal distributions of MMS from peak angular speed amplitudes differentiate 220 

groups. Different modes are specific to each cohort, mode 1 exponential and mode 2 Gaussian, with 221 

different dispersions and percentages of points in each mode. 222 

The first mode with lower values of the standardized MMS peaks amplitude was well fit by an 223 

exponential distribution, whereas the second mode was well fit by a Gaussian distribution that had 224 

the lowest dispersion in healthy young controls. In elderly controls, the percentage of points in the 225 

exponential mode increased, and so did in FMR1 premutation carriers (closer in age to the young 226 

controls) and the PPD, with the latter showing distribution patterns comparable to the carriers. To 227 

see this, for each participant, we found in which mode the MMS activity was highest and calculated 228 

the percentages of participants per group with the highest activity in each mode. Most young and 229 
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elderly controls have the highest MMS activity in the Gaussian mode. FMR1 carriers and PPDs have 230 

higher prevalence of activity in the exponential mode (Figure 4.) 231 

 232 

 233 

Figure 4: Percentages of distribution’s modes varies across groups with lowest Exponential mode in 234 

young controls and highest in FMR1 carriers and PPD. Gaussian mode is highest in young controls 235 

and elderly controls and comparable between PPD (higher) and FMR1-carriers. 236 

These patterns motivated a parameter space whereby we represent points as triplets -points in 237 

a three-dimensional space, with coordinates representing the % of Mode 1 (exponential), the Dip 238 

value from the Hartigan’s Dip Unimodality test, and a scalar, giving the speed to frequency ratio (we 239 

discuss below the motivation for using this ratio.) We then performed k-means clustering analyses 240 

on the scatter of points from each group, to identify potential subtypes of activity in each cohort of 241 

participants. 242 

Figure 5 depicts the results (under the Euclidean distance metric; note that using the first mode 243 

in this representation is sufficient, as the second mode percentages are complementary, i.e., the sum 244 

of percentages add to unit). Here the young controls have 3 clusters, and the other groups show 2 245 

clusters (represented proportional to the size of the marker.) 246 

 247 

 248 

Figure 5: Subgroups within each group revealed by group’s clusters. The clusters for each group 249 

using the k-means clustering algorithm with 3 for young controls and 2 for each of the other groups. 250 

Subtypes of activity emerge for all groups. The empirical distributions for the MMS of the norm of 251 

the lower body COM 3D position data series for the 4 groups are bimodal for all 4 groups. 252 

We identified 3 sub-types for the young controls group and 2 sub-types for the elderly controls. 253 

There is a clear negative correlation between higher dips and lower first mode activity. The FMR1 254 
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carrier group has two subtypes. The first subtype has high first mode activity and low dip and the 255 

second subtype has low first mode activity and high dip. A similar subtyping pattern is observed for 256 

the PD group. The results can be appreciated in Figure 5, where the size of the marker denotes the 257 

group within each cohort. 258 

Groups Differ Relative to Young Controls within a Parameter Space from the Data Stochastic Features 259 

The above results motivated us to quantify the departure of each group from the young controls 260 

(as an ideal, normative state of motor control.) To that end, since the lower body and the pelvis play 261 

a crucial role in gait control, we first characterized the patterns of fluctuation in the motions of the 262 

pelvic area and upper leg nodes) by fitting the continuous Gamma family of probability distributions 263 

as the optimal family in an MLE sense. Through this process, we obtained the scale parameter, which 264 

is also the noise to signal ratio (NSR.) We obtained the average NSR and computed skewness of the 265 

MMS series of the pelvic area for each subject. We also obtained the GC network asymmetry for each 266 

subject (See Methods). This paramer space is shown in Figure 6 across all three comparisons.Two 267 

sample t-tests, showed that young controls differ from elderly controls in mean skewness (with 268 

bortherline significance, p-value=0.096 , confidence interval=[0.0465, 0.0299] ). They also differ from 269 

PPDs, signficantly at the 0.05 alpha level, in mean pelvic NSR (p-value=0.0193 , confidence interval=[-270 

0.047, -0.00047187]). Finally, they differ significantly from FMR1 carriers in assymetry (p-value=0.0107, 271 

confidence interval=[-0.3386, -0.051]). In each plot, we fitted surfaces over the data samples for the 272 

young controls to help visualize the differences and localize each cluster shifting across the parameter 273 

space relative to this normative surface. 274 

Notice in Figure 6 that FMR1 and PPD depart similarly from the normative surface of young 275 

controls, while the elderly controls occupy a different location in this parameter space.  276 

 277 

Figure 6: Parameter space reveal differences across groups. NSR, GC network asymmetry and 278 

average Skewness are used to build a parameter space showing departure from young controls scatter 279 

fitted by a surface. Scatters from the FMR1carriers, the elderly controls and the PPD largely depart 280 

from young controls’ surface. Color bar reflects skewness range of values. 281 

To examine temporal information within the efference-reafference framework, we calculated for 282 

each undirected pair of angular speed MMS time series (i.e., the full time series, not only the peaks) 283 

the coupling frequency for which the cross-coherence is maximized. To that end, we found the 284 

average of all cross-coherence outputs of a node’s MMS series with all the other MMS series nodes in 285 
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the network (see Supplementary Materials). The time between two MMS is essentially a form of inter-286 

spike interval timing for the information flow crossing each body node. Therefore, we average for 287 

each group the inter-spike times of each node and compare the rate of putative afferent (incoming) 288 

and efferent (outgoing) activity. Figure 7 shows the patterns from a series of t-tests between the 289 

timings using every possible combination of the two groups for each node. Zero entries mean that 290 

the t-test was not significant, non-zero entries show the average differences between the mean times 291 

for each group.  292 

We note that FMR1 carriers exhibit much higher inter-peak timings in the thoracic area and the 293 

lower leg area than the PPD subjects. Both young and elderly controls seem to have much higher 294 

inter-peak timings in the left arm and hand than PPD patients. Interestingly, FMR1 carriers seem to 295 

depart further away in their timing profiles from elderly controls than elderly do from the young 296 

controls. This suggests that the healthy aging process may not significantly alter the afferent or 297 

efferent rate of activity in any specific area of the body, despite increasing the inter-peak interval 298 

timing (on average) for the entire body. As we saw earlier (Figure 1) these consistent patterns perhaps 299 

hint that aging may be spatially non-specific with regards to the rate of activity. On the other hand, 300 

aging seems to decrease the efferent and afferent activity as well as increase the internal motor 301 

timings of the system. 302 

 303 

Figure 7: The average differences in inter-peak timings (seconds) taken for each group across all 304 

nodes, reveal separation between groups. A difference of zero (cyan color) indicates no significant 305 

difference (p=0.05). 306 

Analyses across the 23 nodes are visualized as an anthropomorphic interconnected network 307 

representation in Figure 8A. The figure shows the average inter-peak interval times as the color of 308 

the node. The average cross-coherence output of each node’s MMS series is proportional to the size 309 

of the node. We appreciate differences between the size of the nodes for the different groups, hence 310 

reflecting differences in the maximum coupling frequencies. Methods Figure 13 shows the analytical 311 

pipeline to obtain pairwise cross-coherence, along maximal values of the coupling and corresponding 312 

phase lags and frequencies employed in the derivation of relevant parameter spaces.  313 

For each subject, we calculated the average speed of the COM of the lower body, as well as the 314 

average frequency of the speed time series. We did so, to study how the kinematics of a subject relate 315 

to the stochastic signatures of the MMS activity. For all groups, except the FMR1 group the speed 316 

generally increases with respect to the frequency while for the FMR1 carriers the speed decreases. 317 

This is depicted in Figure 8B.  318 

The speed is in m/s and frequency is in Hz, or 1/s. Therefore, speed over frequency has unit of 319 

meters. Behind this unit analysis, an important biomechanical concept is “hidden”. Due to the 320 

periodic nature of gait, frequency expresses the number of walking cycles or strides per unit time. 321 

Speed on the other hand, is the average distance traveled by the center of mass of the lower body per 322 

unit time. Distance over time divided by number of walking cycles over time gives us the distance 323 

traveled per stride. Revisiting Figure 5, we observe that the third dimension, which is speed over 324 

frequency does not really differ between participants of each group. This indicates that cumulative 325 

distance per stride could be an invariant quantity by which we could characterize each group. Figure 326 

8C shows the different patterns of cumulative distance per stride across participants. We note here 327 
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that the larger the amount of high frequency jitter in the MMS, the larger the accumulation counting 328 

towards the stride length. As such, some participants in the PPD and FMR1 carriers (both of which 329 

develop tremor eventually) already show signs of this dysregulation of involuntary jitter in the 330 

walking patterns. 331 

 332 

 333 

Figure 8: Stride-length differences from speed to frequency ratio obtained from the center of mass 334 

trajectories, separate healthy aging from nervous systems disorders. (A) Network representation in 335 

anthropomorphic avatar form. The size of the nodes is proportional to the maximum coupling 336 

frequency (the one that maximizes cross-coherence) of a node with the rest of the body and the color 337 

of the nodes is the average time distance (s) between two MMS peaks. (B) Parameter space comparing 338 

speed vs. frequency. Focusing on the trajectory of the center of mass of the lower body, mean speed 339 

over mean frequency of the speed time series has a positive upward trend for healthy controls. This 340 

contrasts to a negative trend in FMR1-carriers and variable trends in PPD. (C) Both types of trends 341 

and variations span a range of values across both dimensions with stride length periodically 342 

accumulated differing across groups. 343 

A form of Noise Cancellation with Possible Therapeutic Value 344 

The value of examining feedback loops, timing, and stochastic signatures across the population, 345 

can be better appreciated within the context of noise cancellation. Noise cancellation helps engineer 346 

solutions and build accommodations for PPD and other disorders of the nervous systems with 347 

tremor-related signals. Along those lines, here we investigated how removing different frequency 348 

bands from the angular speeds of the PPD affected the network dynamics. We tried different 349 

combinations of low and high limits for the frequency stop band to filter out tremor components (as 350 

reported by the literature 47 and performed t-tests between the resulting group and the elderly or 351 

young control groups for each body node. Then, we measured the number of nodes in which the two 352 

groups differed significantly in the NSR. We then interpolated a surface on the parameter 353 

identification data.  354 

We report that the optimal tremor removal when comparing to the healthy young controls group 355 

is for frequencies above 19 Hz, while the optimal tremor removal when comparing to the old controls 356 

groups is for frequency band with low limits near 10 Hz. Figure 9 shows these differences. 357 
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 358 

Figure 9: Noise cancellation by systematic frequency removal in young vs. elderly participants. The 359 

two surface plots show how after removing a component of tremor from the PPD by using band stop 360 

filtering of the angular velocity for different choices of frequency, the resulting body node networks 361 

is comparable to the NSR dimension of the young and elderly controls groups. The color bar reflects 362 

the number of nodes with different NSR that results from the noise cancellation.  363 

MMS Amplitude and Timings are Not Independent 364 

Lastly, to further understand the spatio-temporal characteristics of the MMS signal derived from 365 

the angular speed, we calculated the empirical joint distributions of the MMS inter-peak-interval 366 

times and the distributions of the MMS amplitude (peak values). We asked if they were independent. 367 

The results are shown in Figure 10. The complex patterns that emerge indicate that assuming 368 

independence between the rate of MMS activity and the MMS values is only a first approximation to 369 

a more complex mechanism that needs to be further investigated.   370 

 371 

Figure 10: Joint empirical distribution of MMS peak values and inter-peak-interval times. 372 

Discussion 373 

This study explored walking activity in the context of natural aging and well-established neurological 374 

conditions found in PPD and FMR1 premutation carriers. We aimed at examining the patterns of 375 

variability from kinematic parameters that would automatically stratify this random draw of the 376 

population. Furthermore, we explored the movement trajectories of 23 joints across the body, with 377 

the purpose of deriving information related to internal temporal lags in information flow. To that 378 
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end, we framed our problem within the context of causal prediction models of outgoing efferent and 379 

incoming reafference information flow, derived from time series of micro-movement spikes. We 380 

distinguish these internal time lags from external movement times modelled a priori in biomechanics 381 

and robotics. Such trajectories’ time profiles are often modelled using the equations of motions to 382 

study human movements’ trajectories within some optimization framework (e.g., optimal control 383 

models such as minimum jerk 48 minimum torque rate 49, minimum energy 50, among others.) 384 

Temporal dynamics have been modelled as well in studies of motor control, within the frameworks 385 

of stochastic optimal control and reinforcement learning 51,52. In human and animal psychophysics 386 

studies associated with reaction times, temporal information is often derived from computer mouse-387 

clicks or lever presses, respectively, within the context of perceptual learning, decision making and 388 

other tasks in the cognitive domain 53-56. We also distinguish the notion of internal temporal lags 389 

reported here from such studies. 390 

 391 

To better appreciate the difference between the internal time lags examined here and those from 392 

biomechanics, or from reaction time tasks, we invite the reader to distinguish between a person-393 

centered perspective, i.e., obtained in personalized and objective manner, and an observer-centered 394 

perspective. The latter makes a statement about the observer’s appreciation of actions’ trajectory 395 

timing under some a priori defined population statistics, or grand averaging parametric model. It 396 

also imposes a theoretical classical mechanical time-dependent model that is incongruent with 397 

empirical data. Empirical studies show that the geometry and the forces characterizing motion 398 

trajectories are separable, i.e. unlike in inanimate rigid bodies in motion, in biological bodies with 399 

nervous systems,  the trajectory’s temporal dynamics depend on the level of intent that cortical 400 

neurons plan and update online (e.g. 57 vs. 38,58-61). The temporal dynamics of motion trajectories also 401 

depend on subcortical regions thought to specify the rate of change in bodily configurations, as the 402 

body transitions from one configuration to the next 62,63, and we can model it and study it in PDP 59,61. 403 

In contrast to these centrally defined timings, internal time lags examined here, aim at characterizing 404 

temporal dynamics from the efferent and reafferent flow of information across the person’s body, at 405 

the periphery. This characterization is done empirically, by estimating the person’s stochastic 406 

signatures from the individual fluctuations in the signals’ peak amplitudes and inter-peak-intervals’ 407 

timings within the framework of causal prediction in time series forecasting analyses 32,64 and 408 

augmenting von Holst’s principle of reafference to include non-voluntary aspects of actions’ 409 

consequences into the feedback that the brain receives from internally self-generated actions. 410 

 411 

We here define motor timing as the internal timing for which there is a maximal causal relationship 412 

between two neuromotor processes. The internal timing is a stochastic quantity defined as the 413 

random distance in time between two micro-movement-spike peaks. This is different from the 414 

biomechanical physical time of a motor event, measured by an observer-centered external clock 415 

device describing the motion trajectories and / or the decision times of cognitive tasks. As mentioned, 416 

in the former we find families of models that derive temporal dynamics using classical equations of 417 

motion (originally derived for inanimate, rigid bodies). In the latter we find reaction times associated 418 

with decisions and cognitive performance from animate, autonomous agents. 419 

 420 

While models of biomechanical times cannot account for empirical results in motor control pointing 421 

at a fundamental separation between intended and unintended actions, animal and human models 422 

of reaction times highlight the subjective nature of time perception during reaction tasks in mammals 423 

65 aiming for a general population statement, rather than for an individualized characterization of the 424 

temporal dynamics phenomena. In the present study, we aimed for a person-centered approach that 425 

also led to self-emerging stratification of the cohort. Instead of a priori assuming a given distribution 426 

to characterize the moment-by-moment fluctuations in the walking parameters, we let the data drive 427 

our exploration, revealing maximally informative parameter spaces that automatically separated our 428 

cohort into clusters.   429 

 430 
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Indeed, proper parameter spaces allowed us the separate natural aging, PPD and FMR1 premutation 431 

carrier syndrome from the baseline of motor activity in young controls. Of particular interest was the 432 

finding that in natural aging, the lower extremities are compromised, leading to a reduction in the 433 

causal prediction of lower body by upper body extremities. This is accompanied by a lengthening of 434 

the optimal time lags describing information flow derived from fluctuations in movements. Indeed, 435 

the naturally aging person tends to have less communication flow and higher noise-to-signal ratio 436 

than the younger controls. This result was clearly expressed in lower feedback from the legs and feet 437 

to the upper body. The peripheral flow of information appeared to be severely compromised in the 438 

elderly PPD and surprisingly so in much younger FMR1 carriers. 439 

 440 

The moment-by-moment fluctuations in the peak amplitudes of the MMS offered new ways to 441 

stratify this random draw of the population and clearly distinguish each subgroup in relation to 442 

young controls. Of particular interest here is the multimodal nature of the peaks’ distributions 443 

revealing a prevalence of the exponential family that increased with natural aging and was much 444 

more prominent in FMR1 carriers and PPD participants. This result highlights the random, 445 

memoryless nature of the fluctuations in these groups. It also explains the marked reduction in causal 446 

prediction of upper-to-lower body and the lack of feedback from lower to upper body found in the 447 

FMR1 carriers and in the PPD participants. Importantly, the person-centered approach used in this 448 

work was amenable to reveal within each group (young, elderly, PPD and FMR1 carrier) different 449 

subtypes according to the center of position derived from the lower body kinematics. We used these 450 

results to further derive parameter spaces that combined asymmetry in Granger Causality, noise-to-451 

signal ratio, and distribution skewness to express and to differentiate each group in relation to young 452 

controls. Pair-wise differentiation and patterns were also revealed by the inter-peak timing analyses 453 

of the trunk, arms, and legs regions, with different trends in natural aging vs. aging with a nervous 454 

system pathology. 455 

 456 

The results from this study are amenable to build diagnostic tools using parameter spaces derived 457 

from a simple walking task. Furthermore, the work offers a unifying framework to help predict the 458 

early appearance of large departure from normative ranges in young controls, both for normal aging 459 

and for young participants who are FMR1 carriers. This is important, given the high penetrance of 460 

FX-related syndrome in other neurological conditions across the lifespan. Among these are ASD, 461 

FXTAS and PD. The methods described here offer a new way to detect these gait problems 15-20 462 

years ahead of their clinical onset and as such, could help advance neuroprotective intervention 463 

models. 464 

 465 

While our analysis uncovered the relationship and similarity between PPD and FMR1 carrier 466 

syndrome, it also sheds light to the process of natural aging and how individuals with PPD age 467 

differently from neurotypicals. Our results indicate that in elderly controls, there is higher overall 468 

causal connectivity in the lower body compared to young controls. It is possible that this is related to 469 

the degeneration of motor functions in the lower body which comes naturally with aging. To preserve 470 

balance and avoid falls, the nervous system will incur in higher cognitive load. As such, natural 471 

walking, a process that is rather automatic in young people becomes cognitively effortful and 472 

requires higher concentration as we age. This higher cognitive (central) demand may be reflected in 473 

the lower body connectivity at the periphery, and poorer lower-to-upper feedback patterns found in 474 

the elderly participants.  475 

 476 

The results also reveal fundamental differences between PPD and much younger FMR1 carriers, who 477 

nevertheless, also showed a marked reduction in feedback from the lower to the upper extremities. 478 

These two subgroups were far apart in age, yet both revealed large departure from young controls 479 

and timing patterns closer to those of the elderly controls.  480 

 481 
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PPDs, show not only a significant increase in lower-body connectivity, but also a marked reduction 482 

in upper-body connectivity. This pattern suggests that the degeneration of motor control in PPD is 483 

not limited to the lower body, but that in fact, it is a disease that affects the motor system in a general 484 

and systemic way. A higher cognitive load is required to control the lower body which as a side effect 485 

may result in poor connectivity in the upper body, and poor systemic coordination with impaired 486 

kinesthetic sensory feedback. Interestingly, when comparing how the inter-peak timings of each body 487 

node differ between groups, we can conclude that in that sense, the elderly controls and the FMR1 488 

carriers are almost identical to young controls. On the other hand, PPDs have significant different 489 

inter-peak intervals’ timings than young controls. This not only shows the departure of PPD from 490 

natural aging, but also shows that despite the Parkinsonian symptoms of FMR1 syndrome, the latter 491 

is still a fundamentally different condition than PPD. 492 

 493 

Finally, as a potential actionable application of the present work to mitigate the high levels of noise 494 

found in the walking patterns of PPD and FMR1 carriers, we used the relationship that Granger’s 495 

causal prediction methods offer between frequency and time domains. Inspired by Granger’s 496 

approach, we developed a network-connectivity based model of noise cancellation. Specifically, we 497 

systematically removed frequencies reportedly associated with tremor in the literature 47 and 498 

quantified the outcomes of this systematic removal on the noise portrait derived from the time series 499 

analyses of angular speed peaks of walking patterns. We found differing ranges of optimal tremor 500 

removal relative to healthy young vs. elderly controls group. The former reveal optimal ranges for 501 

frequencies above 19 Hz, while the latter showed frequency band with lower limits, near 10 Hz. More 502 

exploration of these aspects of noise cancellation are warranted, yet using the present approach 503 

exploring internal optimal time lags within the context of causal prediction, we open new avenues of 504 

personalized support tailored to PPD and FMR1 carriers of different age groups. 505 

 506 

Besides the frequency-time relations highlighted in the above exploration, the work also revealed 507 

important spatio-temporal features of the MMS. Namely, through examination of the joint empirical 508 

distributions of MMS derived from fluctuations in the angular speed peaks’ amplitude and the MMS 509 

derived from the fluctuations in inter-peaks-interval timings, we found interdependences and 510 

complex patterns rendering invalid the common assumption of independence in the spikes data. This 511 

result also opens new questions about common assumptions of stationarity and homogeneity in the 512 

data. Future empirical and theoretical work will be necessary to advance this important area of 513 

research vital for interpretation and statistical inference of behavioral phenomena. 514 

 515 

In summary, we offer a new unifying framework to stratify a random draw of the population based 516 

on natural walking patterns, identify subtypes withing each group and anticipate pathologies of the 517 

nervous systems bound to appear with natural aging and with genetic-based differences. 518 

Furthermore, we provide actionable models of noise cancellation to build supportive interventions 519 

with the potential to enhance causal prediction and feedback from movements and to improve 520 

internal temporal lags of information flow. This could help lower the cognitive load that an otherwise 521 

automatic walking task may cause as we naturally age, as we acquire Parkinsonism, or in cases where 522 

the person inherits a genetic mutation. Our personalized approach and our new definition of internal 523 

motor-sensing timings can provide true targeted interventions to help mitigate and protect against 524 

neurodegeneration. 525 

 526 

Materials and Methods 527 

This study was approved by the Rutgers Institutional Review Board (IRB) abiding by the precepts of 528 

the Helsinki Act. Thirty-seven patients were included out of thirty-eight participants (age mean 37.24, 529 

std 21.39, 10 males and 28 females). There was sensor malfunctioning for one elderly participant, so 530 

we did not include him in the analysis. Patients were recruited through the clinical_trials.gov site, 531 

the Robert Wood Johnson clinic, and the New Jersey Autism Center of Excellence 532 
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(https://www.njace.us/). Informed consent was obtained from the participants according to our 533 

Rutgers University IRB-approved protocol. Different aspects of these data unrelated to gait, were 534 

previously published 8,9,66. 535 

2.1. Experimental Design and Statistical Analyses 536 

Participants wore the XSens system (17 wearable sensors across the body collecting position, 537 

orientation, and acceleration at 60Hz, from 23 joints depicted in Figure 11A). In-house MATLAB 538 

routines were used to implement the Frenet-Serret frame 67 and derive various kinematics 539 

parameters. Position was used to derive linear velocity fields, which were converted to scalar fields 540 

of speed (m/s). Then maxima and minima were obtained as landmarks to track the speed of the center 541 

of mass (e.g., Figure 11B) (obtained by replacing mass with length in the original equation 1). 542 

 543 

𝑉𝑐𝑜𝑚 = ∑ V𝑖𝐿𝑖   23𝑖=1∑ 𝐿𝑖   23𝑖=1  (1) 544 

 545 

Time series of the latter were scaled, and the micro-movement spikes (MMS) obtained in further 546 

analyses (Figure 11C).   547 

 548 

Figure 11: Methods Figure. (A) Data acquisition using a grid of wearable sensors calibrating position 549 

and orientation in real time and sampling changes of position in time, at 60Hz. (B) Center of Mass 550 

trajectories (m) in 3D parameterized using the Frenet-Serret frame to study geometric aspects of the 551 

curve. (C) Linear speed used to mark pauses and peaks along the curve, thus allowing us to express 552 

behavioral landmarks along other kinematics parameters such as the angular speed quantifying 553 

bodily rates of 23 joints’ rotations. The MMS are derived from the fluctuations in angular speed 554 

amplitude. Red dots mark peaks (transitions of speed slope from positive to negative.) 555 

Micromovement Spikes (MMS):  The MMS are defined as the normalized peaks of any 556 

kinematics time series of the fluctuations in amplitude, as the signal deviates from the mean 557 

amplitude. Specifically, to obtain the micromovements time series from the angular speed time series 558 
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we first calculate the peaks. Each peak is then normalized by the local average speed of the speed, i.e. 559 

the average value of the two minima before and after the peak (equation 2).  560 𝑁𝑝𝑒𝑎𝑘 = 𝑝𝑒𝑎𝑘𝑉𝑝𝑒𝑎𝑘𝑉+𝑎𝑣𝑔𝑉𝑙𝑜𝑐𝑎𝑙𝑚𝑖𝑛−𝑡𝑜−𝑙𝑜𝑐𝑎𝑙𝑚𝑖𝑛  (2) 561 

It has been shown that the resulting MMS time series follows the generalized gamma 562 

distribution in human motion and applied to gait 33,68. Then, from the resulting time series we subtract 563 

the gamma fitted mean (fitted using maximum likelihood estimation, MLE). The MMS time series 564 

allows us to extract information independent of the body dimensions of the subject. When tracking 565 

them continuously, we can used them as a peripheral proxy of the efferent an afferent activity of the 566 

central nervous system. Figure 12 shows the pipeline describing the MMS extraction from the sensor 567 

data. 568 

 569 

Figure 12: The MMS time series extraction from the angular speed tracking stochastic trajectories from 570 

all joints (red dot marks the pelvis for instance.) 571 

Cross-coherence: The cross-coherence between two times series (assumed to be the realizations of 572 

unknown stochastic processes) is defined as the cross-spectral density between the two series 573 

normalized by the product of their auto-spectral densities 69. Since human motion is non-linear, in 574 

this study we use cross-coherence to quantify the similarity between any two body nodes’ MMS time 575 

series in the frequency domain. We then identify the frequency for which the cross-coherence 576 

function is maximized. 577 

 578 
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 579 

Figure 13: The pipeline for the calculation of the maximum cross-coherence and the frequency for 580 

which it is maximized. 581 

      Mean frequency: The mean frequency of a spectrogram 𝑃(𝑓) is calculated as: 582 

𝑓𝑚𝑒𝑎𝑛 = ∑ 𝑓𝑗𝑃𝑗     𝑁𝑗=1∑ 𝑃𝑗     𝑁𝑗=1   (3) 583 

Where  𝑓𝑗 is the central frequency of the j-th bin of the spectrum and 𝑃𝑗 the corresponding value of 584 

the power spectral density. N is the total number of bins 70.    585 

Granger causality:  The MMS serve as a proxy to reflect the inner activity of the nervous system 586 

as it is expressed by the kinematics of the various body parts. Hence, we now have a network of times 587 

series (23 nodes) that provide information about the mechanisms of the CNS to control the peripheral 588 

activity for each subject and each group of subjects. Specifically, we are interested in the relationship 589 

between two time series of MMS. Traditional concepts, such as mutual information, cross-correlation 590 

and cross-coherence are being widely used to estimate the mutual information between two 591 

stochastic processes 71, or to investigate how one relates to the other in the time or frequency domain 592 

9,72,73. However, they provide no information about the direction in which the information flows, i.e., 593 

which stochastic process is the cause and which the effect. 594 

Other concepts such as Transfer Entropy (TE) and Granger Causality (GC) give us both the 595 

direction in which the information flows, as well as the quantity of the information flowing from the 596 

causal stochastic process to the effector stochastic process 74. In fact, in the case of gaussian processes 597 

these two are equivalent 75. TE does not require a model and is based on information theory concepts. 598 

GC on the other hand, requires fitting an AR model of order N to the time series data.  599 

For the purposes of this paper, we choose the concept of GC. There are two reasons for our 600 

choice. First, GC has a much smaller computational complexity than TE. Second, assuming an 601 

autoregressive model can help us estimate the response lags between different body activities. We 602 

define the response lag as the number of MM peaks needed for information to flow from the afferent 603 

input of a body part to the efferent output of another body part. To explain how we estimate the 604 

response lags between the activities of any two body parts we must first explain the concept of GC.  605 

Granger, in his original paper defined causality for a pair of stochastic processes X and Y in a 606 

solid, mathematical way 45. Assume we have a closed system or “universe” in which all available 607 

information is contained in the stochastic processes X and Y and let Xt and Yt be the realizations of 608 

these stochastic processes up to time t. Let Ut be all the information accumulated from both time 609 
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series up to t-1. U-Y implies all information apart from Y. Granger gave the following definition of 610 

causality. Using his own words 45: 611 

“If 𝜎2(𝛸|𝑈)<𝜎2(𝛸|𝑈 − 𝑌), we say that Y is causing X, denoted by Yt => Xt. We say that Yt is 612 

causing Xt, if we are better able to predict Xt using all available information than if the information 613 

apart from Yt has been used.”  614 

 615 

The operator 𝐴|𝐵, where A, B are stochastic processes means the “construction” of a model 616 

where A is predicted from B. The operator 𝜎2(𝐴|𝐵) means the variance of the error of the model 617 𝐴|𝐵. Granger’s definition implies that if a model that predicts the dynamic behavior of X that does 618 

not include Y, has a greater on average error than a model that includes Y, then Y “causes” X in that 619 

sense. Furthermore, Granger gave a formal definition of “causality lag”, which simply informs us 620 

how far in the past we should consider samples of X and Y in our prediction to get an optimal 621 

prediction. 622 

 623 

“If Yt => Xt, we define the (integer) causality lag m to be the least value of k such that 624 𝜎2(𝛸|𝑈 − 𝑌(𝑘))<𝜎2(𝛸|𝑈 − 𝑌(𝑘 + 1)). Thus, knowing the values Yt-j, j=0,1,…m-1, will be of no help in 625 

improving the prediction of Xt.”   626 

 627 

Simply put, the concept of causality lag refers to the maximum lag in the past of the realization 628 

of the stochastic process Y, beyond which, including more past samples will result in a bigger 629 

prediction error.  630 

 631 

Granger also referred to “instantaneous causality”, which simply means that in the prediction 632 

we also include the present values of the stochastic processes. In our present work, due to the non-633 

instantaneous nature of neural information, we assume that prediction should include only the past 634 

values. In his solution to the problem of estimating causality for econometric time series, Granger 635 

assumed autoregressive models of some appropriate order and used techniques of spectral analysis 636 

64. He defined two models, one simple causal model that includes the past samples of both time series 637 

and one non-causal model that includes only the effector process. For our purposes, we formulated 638 

our own model and approach to Granger causality which allows us to quantify the internal motor 639 

timings of the system.  640 

 641 

Let X and Y be the two univariate stochastic processes and Xn, Yn the corresponding time series 642 

we obtained from our sensors. For a choice l of the internal time lag of the system, we assume the 643 

non-causal and causal models: 644 

 645 𝑥𝑛 = 𝑎1𝑥𝑛−𝑙 + 𝑤1𝑛          (4) 646 

 647 𝑥𝑛 = 𝑎2𝑥𝑛−𝑙 + 𝑏𝑦𝑛−𝑙  + 𝑤2𝑛  (5) 648 

 649 

Where 𝑤1, 𝑤2 are independent discrete time AWGN (additive white gaussian noise) processes 650 

and 𝑎1, 𝑎2, 𝑏 constants we want to estimate from the statistical properties of our data. We also make 651 

the hypothesis that the noise processes are independent from X and Y. Assuming that the noise 652 

processes are gaussian implies they have zero means. To apply this model without loss of generality 653 

we simply pre-process our data by centering them around zero.  654 

To proceed, we multiply equation (4) with 𝑥𝑛 and we get: 655 

 656 𝑥𝑛2 = 𝑎𝑥𝑛𝑥𝑛−𝑙 + 𝑤1𝑛𝑥𝑛   (6)  657 

 658 

Applying the expectation operator 𝐸( . ) on both sides of equation (6): 659 𝐸{𝑥𝑛2} = 𝑎𝐸{𝑥𝑛𝑥𝑛−𝑙} + 𝐸{𝑤1𝑛𝑥𝑛}  (7) 660 
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 661 

Since noise 𝑤1 and the process X are independent, it means they are uncorrelated. Therefore: 662 

 663 𝐸{𝑥𝑛2} = 𝑎𝐸{𝑥𝑛𝑥𝑛−𝑙}  664 

 665 

From which we get an estimate for the constant 𝑎: 666 

 667 𝑎 = 𝐸{𝑥𝑛2}𝐸{𝑥𝑛𝑥𝑛−𝑙} = 𝑅𝑥𝑥(0)𝑅𝑥𝑥(𝑙)  (8) 668 

 669 

Where 𝑅𝑥𝑥(𝜏) = 𝐸{𝑥𝑛𝑥𝑛−𝜏} is the autocorrelation function of X.  670 

 671 

We continue by multiplying (5) with 𝑥𝑛: 672 

 673 𝑥𝑛2 = 𝑎2𝑥𝑛−𝑙𝑥𝑛 + 𝑏𝑦𝑛−𝑙𝑥𝑛  + 𝑤2𝑛𝑥𝑛 (9) 674 

 675 

Also, we multiply (5) with 𝑥𝑛−𝑙 : 676 

 677 𝑥𝑛𝑥𝑛−𝑙 = 𝑎2𝑥𝑛−𝑙2 + 𝑏𝑦𝑛−𝑙 𝑥𝑛−𝑙 + 𝑤2𝑛𝑥𝑛−𝑙  (10) 678 

 679 

Taking the expectation on both sides of (9) and (10), since X and Y are uncorrelated, we finally 680 

arrive to the system of equations: 681 

 682 𝑅𝑥𝑥(0) = 𝑎2𝑅𝑥𝑥(𝑙) + 𝑏𝑅𝑥𝑦(𝑙)  683 

 684 𝑅𝑥𝑥(𝑙) = 𝑎2𝑅𝑥𝑥(0) + 𝑏𝑅𝑥𝑦(0)    (11) 685 

 686 

Where 𝑅𝑥𝑦(𝜏) = 𝐸{𝑥𝑛𝑦𝑛−𝜏} is the cross-correlation function between X and Y. 687 

 688 

Assuming (11) has a solution, we can estimate 𝑎2, 𝑏 . 689 

 690 

The final step in our analysis is to find the variances of the noises.  691 

 692 

We square equations (4) and (5): 693 

 694 𝑥𝑛2 = 𝑎12𝑥𝑛−𝑙2 + 𝑤1𝑛2 + 2𝑎1𝑥𝑛−𝑙𝑤1𝑛  (12) 695 

 696 𝑥𝑛2 = 𝑎22𝑥𝑛−𝑙2 + 𝑏2𝑦𝑛−𝑙2 + 𝑤2𝑛2 + 2𝑎2𝑥𝑛−𝑙𝑏𝑦𝑛−𝑙 + 2(𝑎2𝑥𝑛−𝑙𝑤2𝑛 + 𝑏𝑦𝑛−𝑙𝑤2𝑛)  (13) 697 

 698 

Applying the expectation in both sides, since the noises are independent of the processes, all 699 

cross- correlation terms between processes and noises are zero, therefore: 700 

 701 𝐸{𝑤1𝑛2 } = 𝐸{𝑥𝑛2} − 𝑎12𝐸{𝑥𝑛−𝑙2 } (14) 702 

 703 𝐸{𝑤2𝑛2 } = 𝐸{𝑥𝑛2 } − 𝑎22𝐸{𝑥𝑛−𝑙2 } − 𝑏2𝐸{𝑦𝑛−𝑙2 } − 2𝑎2𝑏𝐸{𝑥𝑛−𝑙𝑦𝑛−𝑙} (15) 704 

 705 

Since the variance of a noise processes 𝑤 is 𝜎2 = 𝛦{(𝑤 − 𝑤𝑚𝑒𝑎𝑛)2} , in our case where the noises 706 

are zero mean, eventually: 707 

 708 𝜎12 = 𝑅𝑥𝑥(0) − 𝑎12𝑅𝑥𝑥(0) = (1 − 𝑎12)𝑅𝑥𝑥(0)  (16) 709 

 710  𝜎22 = 𝑅𝑥𝑥(0) − 𝑎22𝑅𝑥𝑥(0) − 𝑏2𝑅𝑦𝑦(0) − 2𝑎2𝑏𝑅𝑥𝑦(0) = (1 − 𝑎22)𝑅𝑥𝑥(0) − 2𝑎2𝑏𝑅𝑥𝑦(0)  (17) 711 

 712 
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Thus, solving system (9) gives us the constants of the system for a given choice of lag and then 713 

equations (16), (17) give us the errors of the non-causal and causal models. Following the logarithmic 714 

definition of causality 76: 715 

 716 𝐺𝐶 = log (𝜎12𝜎22) (18) 717 

 718 

If the causal model better predicts the behavior of Χ for a given internal motor lag, 𝜎22 < 𝜎12    719 

then 𝐺𝐶 > 0.  720 

A standard causal autoregressive (AR) model of order one is of the form: 721 

 722 𝑥𝑛 = 𝑎𝑥𝑛−1 + 𝑏𝑦𝑛−1 + 𝑛𝑜𝑖𝑠𝑒  723 

 724 

Which is order 1. However, what is the physical meaning of “order 1”? It means we assume the 725 

previous sample, one lag in the past of X, contribute to the prediction of X. It is an arbitrary quantity 726 

when we consider it independently of the sampling rate 𝐹𝑠 of our sensors. In context however, one 727 

lag is 
1𝐹𝑠 seconds, which is the fundamental unit of time of our system. In our model, we assume: 728 

 729 

 𝑥𝑛 = 𝑎𝑥𝑛−𝑙 + 𝑏𝑦𝑛−𝑙 + 𝑛𝑜𝑖𝑠𝑒 730 

 731 

This can still be assumed an autoregressive model of order 1 in which the fundamental unit of 732 

time is not one sampling period but 𝑙  sampling periods. Different choices of 𝑙  will give 733 

autoregressive models for different time scales. The time scale 𝑙 for which causality is maximized is 734 

our definition of “internal motor timing”, because at this time scale, we have the maximum flow of 735 

information from Y to X.  736 

We make the following hypothesis. At any given moment, the process Yt transmits information 737 

to the process Xt through the CNS. The response lag between the two processes is the time needed 738 

for information to travel from the afferent process Yt to the efferent process Xt. Following this train of 739 

thought we can assume that the lag parameter of the AR models that maximizes the GC is the best 740 

estimation of the corresponding response time between Xt and Yt. Therefore, we propose the 741 

following pipeline of analysis to find the maximum GC and estimate the response lags between any 742 

two sensor MMS time series of the subjects (Figure 14). 743 

 744 

Figure 14:  Pipeline for the estimation of the Granger Causality and Response time values between 745 

two body parts. 746 
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Figures

Figure 1

GC Optimal Lag Maps and timing information. Anthropomorphic network representation of human
walking patterns. The nodes’ size is proportional to the number of outgoing links connected to the other
nodes in the network (out degree) of the average GC network. The color of the nodes is the maximum
optimal lag response of a node with the rest of the body for the average Lag Response network. A unit of
one lag refers to the distance in time between two peaks. The actual physical time between the two peaks
can vary. The frequency histograms depict the distribution of the inter-peak timings for each group. The
empirical distributions are well �tted by the gamma family of distributions. For the young controls, the
average inter-peak timing is 0.1129 seconds with a std of 0.0780. For the elderly controls, 0.1238 with a
std of 0.0781. For the FMR1 carriers, 0.0993 with a std of 0.0705. For the PPDs, 0.1122 with a std of
0.0719.



Figure 2

Feedback loops differ across groups. For each group, the �gures show the percentage of subjects within
the group for whom a feedback loop was detected between each pair of body nodes.



Figure 3

Non-unimodal distributions of MMS from peak angular speed amplitudes differentiate groups. Different
modes are speci�c to each cohort, mode 1 exponential and mode 2 Gaussian, with different dispersions
and percentages of points in each mode.

Figure 4

Percentages of distribution’s modes varies across groups with lowest Exponential mode in young controls
and highest in FMR1 carriers and PPD. Gaussian mode is highest in young controls and elderly controls
and comparable between PPD (higher) and FMR1-carriers.



Figure 5

Subgroups within each group revealed by group’s clusters. The clusters for each group using the k-means
clustering algorithm with 3 for young controls and 2 for each of the other groups. Subtypes of activity
emerge for all groups. The empirical distributions for the MMS of the norm of the lower body COM 3D
position data series for the 4 groups are bimodal for all 4 groups.



Figure 6

Parameter space reveal differences across groups. NSR, GC network asymmetry and average Skewness
are used to build a parameter space showing departure from young controls scatter �tted by a surface.
Scatters from the FMR1carriers, the elderly controls and the PPD largely depart from young controls’
surface. Color bar re�ects skewness range of values.



Figure 7

The average differences in inter-peak timings (seconds) taken for each group across all nodes, reveal
separation between groups. A difference of zero (cyan color) indicates no signi�cant difference (p=0.05).

Figure 8

Stride-length differences from speed to frequency ratio obtained from the center of mass trajectories,
separate healthy aging from nervous systems disorders. (A) Network representation in anthropomorphic
avatar form. The size of the nodes is proportional to the maximum coupling frequency (the one that
maximizes cross-coherence) of a node with the rest of the body and the color of the nodes is the average
time distance (s) between two MMS peaks. (B) Parameter space comparing speed vs. frequency.
Focusing on the trajectory of the center of mass of the lower body, mean speed over mean frequency of
the speed time series has a positive upward trend for healthy controls. This contrasts to a negative trend
in FMR1-carriers and variable trends in PPD. (C) Both types of trends and variations span a range of
values across both dimensions with stride length periodically accumulated differing across groups.



Figure 9

Noise cancellation by systematic frequency removal in young vs. elderly participants. The two surface
plots show how after removing a component of tremor from the PPD by using band stop �ltering of the
angular velocity for different choices of frequency, the resulting body node networks is comparable to the
NSR dimension of the young and elderly controls groups. The color bar re�ects the number of nodes with
different NSR that results from the noise cancellation.



Figure 10

Joint empirical distribution of MMS peak values and inter-peak-interval times.



Figure 11

Methods Figure. (A) Data acquisition using a grid of wearable sensors calibrating position and
orientation in real time and sampling changes of position in time, at 60Hz. (B) Center of Mass trajectories
(m) in 3D parameterized using the Frenet-Serret frame to study geometric aspects of the curve. (C) Linear
speed used to mark pauses and peaks along the curve, thus allowing us to express behavioral landmarks
along other kinematics parameters such as the angular speed quantifying bodily rates of 23 joints’
rotations. The MMS are derived from the �uctuations in angular speed amplitude. Red dots mark peaks
(transitions of speed slope from positive to negative.)



Figure 12

The MMS time series extraction from the angular speed tracking stochastic trajectories from all joints
(red dot marks the pelvis for instance.)

Figure 13

The pipeline for the calculation of the maximum cross-coherence and the frequency for which it is
maximized.



Figure 14

Pipeline for the estimation of the Granger Causality and Response time values between two body parts.


