[bookmark: _Toc17702768][bookmark: _GoBack]Assessing the Effects of Foot Strike Patterns and Shoe Types on the control of Leg Length and Orientation in Running
Supplementary Material
Uncontrolled Manifold formulation
To understand how the locomotor control is addressing the problem of ubiquitous variance in the redundant kinematic leg effector system (segment angles) are being coordinated and controlled during the leg landing phase of running, to achieve consistency in the control variables of the 2D leg effector end-point (i.e. the leg orientation and length, LegY, LegZ respectively). The set of covariant solutions of these elemental variables (i.e. foot, shank, thigh, and pelvis angles,  respectively) is defined as a low-dimensional synergy that work together in order to assist the controller by stabilizing (or destabilize) the control variable. We consider the kinematic leg effector vector (spanning the kinematic segment chain) is coordinated and controlled by a two-level motor control hierarchy [1, 2]. 
The UCM analysis was computed at each time slice of the landing phase period. Each time slice corresponded to a time period of 4ms. The UCM parameters were calculated using a customised Matlab program that was based on the conventional UCM method [2]. The UCM analysis method can be described in four general steps below:

Step 1: Define the Geometric Model
The kinematic leg effector is defined by a geometric function that maps the segment angles with the 2D effector end-point:  
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The leg effector was defined by a vector spanning between a fixed point at the centre of the pelvis segment and the location of the centre of pressure beneath the foot. From equation 1 the 2D position of the leg effector is defined by a specific geometric model that directly maps the end-effector in the same space as the elemental variables. The control variables of LegY and LegZ are associated geometrically with the elemental variable details, segment angles and segment lengths:
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where lft , lsh , lth , and lpv are the lengths of the foot, shank, thigh, and pelvis respectively; while , , , and  are the segment angles (with respect to the horizontal axes). 
Step 2: Linear Approximation of the UCM
A deviation matrix (DV) from the mean joint configuration at each ith time instant was computed for each jth stride:

	
	
	(3)

	
	
	


The Jacobian matrix (J) relating partial changes in elemental variables (i.e. ) to partial changes in the control variables (i.e. ), was computed around the mean joint configuration (i.e. ) across the set of strides (trials) for each time slice of the period (i=21). 
[bookmark: _Toc17702769][bookmark: _Toc333559490]Step 3: Projecting the joint configuration onto the UCM
The next step was to compute the null space of the Jacobian matrix (N(J)). The null space is the linear subspace of all the segment angle combinations that result in no change to the end-effector position [3]. The null space spanned by the basis vectors  has a dimension equal to the difference between the number of elemental variables (n=4) and the number of control variables (d=2). 
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The deviation matrix then decomposed into components parallel () and perpendicular () to the null space:
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Step 4: Computing the variance of VUCM and VORTH 
The variance of these projections were estimated and normalized per degree of freedom of each subspace as:
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Variance of goal-irrelevant deviations are parallel to the UCM are indicated as VUCM () , and goal-relevant deviations are orthogonal to the UCM are indicated as VORTH (). The variances were computed at each time instance and compared across conditions. The ratio of variability VRATIO was the third UCM parameter and was computed in a form suggested by Papi, Rowe [4]:
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this formulation expresses the ratio in a range from -1 and +1 with 0 as midpoint avoiding the symmetrical and statistical problem related to the original formulation / [5]. This ratio reflects the need for intervention in order to control the control variable during landing. If the ratio is greater than 0, the effector system has a coordination strategy that produces a stable goal variable and is indicative of motor redundancy. On the contrary, ratios less than 0 will indicate that variations in coordination will have a larger effect on the control variable. 

Comparison of main covariance-based methods
Among many covariance-based methods (e.g. Principal Component Analysis), the UCM has an advantage because it uses a geometric function that maps the null space of covariant local body-state variables (e.g. segment angles) to a geometric manifold that represents the equivalent set of solutions that satisfies a global control variable (e.g. effector endpoint position) [6]. From repeated trials of the task, the observed variability that lies unequally distributed relative to orthogonal dimensions of the manifold (UCM) is an expression of neuromotor organisation by the CNS, which seeks a strategy to achieve stable and flexible goal state solutions with minimal intervention [7].
The principal component analysis - PCA method [8] describes how body state variables form collective components without any priori knowledge of geometric relatedness to task goal. This makes PCA methods difficult to interpret. The UCM, goal equivalent manifold - GEM and tolerance noise and covariance - TNC methods are all covariance-based analysis that map body state variables to a task goal (solution manifold). The GEM method [9] is conceptually similar to the UCM, except it provides additional information about the error surrounding the task goal. Both GEM and UCM methods can be applied to multiple body state variables [10, 11]. The exception is that the GEM method provides additional information about the performance error, which can be beneficial if known a priori that an explicit task goal exists. 
The TNC method [12] differs slightly from both UCM and GEM because it requires a low dimensional mapping function (confined to 2D) that relates body state variables (i.e. position and velocity) with result/goal variables [13]. The TNC method also requires the design of a task that has an explicit goal to determine the performance error. The TNC method creates a solution manifold in 2D space, where the third dimension defines performance error (conceptually similar to GEM). 
The UCM method has an advantage over PCA because UCM quantifies goal-relevant variance structure, which provides more meaningful insight into the neuromuscular system and control variables (anisotropy of variance along a solution manifold). 
The UCM method has an advantage over the TNC method because it can map multiple body state variables to a task goal. 
While the UCM and GEM methods are similar, the UCM satisfies the objectives of our investigation in the following way. First, our participant runners do not have knowledge of results about a target end-effector position during the impact phase, so we cannot quantify error. Second, the leg effector length and its stiffness are redundant in their contribution to external force, and we don’t know which of these three variables is the goal variable. The UCM analysis will however, show evidence that the CNS controls leg length and orientation, potentially in relation to stiffness.
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