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Introduction: Role of the Juncturae Tendinum Simulation Results : Force Distribution in the Juncturae Tendinum
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1. Tendinous interconnections distribute
forces across fingers but their contribution
to enslavement is not clear [1].

2. Combining computational modeling with
direct actuation of cadaveric tendons wiill a different force
help us understand this without interference SN A NI a1l iXtensor tendons. ! THI distribution.
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Hence extracting the correct topology is important!

Methods : Computational Estimation

Simulation Results : Estimation of the Target Network

1. We developed a finite element analysis
solver to study force and displacement
propagation through elastic tendinous
networks on a plane.

2. Using a target topology, we generated
data sets consisting of:

. Inputs : Extensor muscle forces
 Outputs : Extensor tendon forces
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3. Using these input-output data, we estimated | - ey oo © Target network
the target network. erationas% |
o . . . o o . . Iyt LT
Estimation algorithm using evolutionary optimization 4 T
Primordial soup The best 2O 1IO 2|O 3|O 4IO 5|O 6IO 7IO_ | 8|O
evolved network Generation count

Apply same input forces to sample and target network
and measure reaction forces at fixed nodes.
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1. Distribution of forces through the tendon network is sensitive

v to topology.
Target network 1 2. Our evolutionary computational approach can be used to
: effectively estimate topologies in real biological networks.

3. Next step : Estimate the topology of the juncturae tendinum
using data from cadaveric hands.
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Generate a new generation from the best <
individuals

We used Stochastic Hill Climbing with learning by vectors of normal distributions [3].

One generation of evolution
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